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INFORME TÉCNICO Y DE DIFUSIÓN 

1 . ANTECEDENTES GENERALES DE LA PROPUESTA 

~·l••í!m~IID~ 

INTRODUCCION AL ANALISIS MUL TIVARIADO 

~ 

FIA-FR-V-2004-1-A-010 

~®~ 

Facultad de Ciencias Agronómicas, Uniyersidad de Chile 
-· · . . - .- .. ~. -
~~$~ . . 

Facultad de Ciencias Agronómicas, Universidad de Chile 

~~~~~~~ 

Chile, Región Metropolitana, Santiago, La Pintana 

'ü\UX!>®~~~~(,tfi~~@jfij@~ 

Curso 

~ ~ ti<*Obmfi!m ~~®Jt·•tl•(!t) 

12 al 14 de octubre de 2004 

-
. . 

.. . - -

2 



• • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • 

;--~ - - . -.. - - - .. 

(2. ALCANCES Y LOGROS DE LA PROPUESTA 
~( ~ . . -- ...... -~·--·. ···- --·- . ,..., .. ~-.. ·- "'"' .... . - .. - - . -

.. : 

Entrenar a un grupo de profesionales del agro que se desempeñen en agencias públicas y 
privadas de docencia, investigación y extensión en el uso de las nuevas técnicas de análisis 
estadístico multivaríado . 

Objetivos Específicos: 
• Contrastar diseños de experimentos repetidos y no repetidos . 
• Realizar análisis espaciales y de interacción GXE. 
• Conocer y aplicar modelos lineales-bilineales para estudio de estabilidad . 
• Conocer la estructura y uso de biplots y sus aplicaciones . 
• Estudiar los modelos SHMM y SREG para agrupar ambientes y genotipos sin interacción . 
• Estudiar la GXE de entrecruzamiento . 

• - .· ; ~ ' • 1 

Se reunió un grupo diverso de profesionales del agro que trabajan en instituciones de 
Investigación y Extensión Públicas y Privadas (U. de Chile, U. de Valdivia, INIA, Semillas 
Pioneer Chile Ltda .. Semillas CIS). junto a estudiantes de pregrado y postgrado. Estas 
personas trabajan en el área del mejoramiento genético y selección de variedades. por lo que 
los conocimientos adquiridos durante el curso serán de gran utilidad en la mejor comprensión 
de la información obtenida de sus ensayos . 

Los Objetivos Específicos planteados al inicio del curso, que correspondían a las materias a 
tratar. se cumplieron a cabalidad . 

• ' • ~- . 1 ' •. ·-·-. ~ :. • .•. ~ ' - . '' ' . i . ·. . • 

Usar de manera más eficiente de la información de ensayos de experimentación agrícola, ya 
sean de investigación o de extensión. Esto permitirá un avance más rápido y preciso de la 
investigación agronómica. Los participantes se invitarán con el criterio de que a través de su 
labor difundan estas técnicas con rapidez en el país . 

. . . . . 

Los asistentes se introdujeron en las técnicas de análisis estadístico de punta, /as que se 
perfeccionarán mediante la aplicación práctica en los distintos niveles de trabajo de cada uno . 

3 



• • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • 

La diversidad de origen de los asistentes asegura el uso de estos conocimientos a nivel de 
docencia e investigación . 

Establecimiento de un vinculo permanente entre el Dr. José Crossa y los participantes, de 
manera de interactuar con él frente a dudas, problemas de aplicación o interpretación, 
referentes al curso o a otras materias estadísticas . 

. .. : .' t • <;.: 
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Los asistentes cuentan con una herramienta más de análisis que les facilitará la interpretación 
de la información de campo, en particular la interacción Genotipo x Medioambíente. A futuro 
les permitirá hacer diseños de campo más eficientes en la estimación del efecto ambiental. 

. . . ' . . . ' . . . . . 
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El curso fue una introducción a técnicas avanzadas de análisis estadístico, y en la medida que 
se empiecen a utilizar seria necesario una profundización de los conceptos que se entregaron, 
lo que justificaría una nueva visita del Dr. José Crossa . 
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3. ASPECTOS RELACIONADOS CON LA ORGANIZACIÓN Y EJECUCIÓN DE LA 
PROPUESTA 

· .·· . . ( =' ~ ... , :-·. ;~· ~ <~ ~.· 1'.,:· :::· .. !'(~ ~ .. ; = ·~ ,,:_;: . 

Fecha Actividad Objetivo Lugar 

12/10/2004 Diseño de experimentos repetidos Bloques !vea de Computación F acuitad 
completos de Ciencias Agronómicas, 
Bloques incompletos: Universidad de Chile 

- latice tradicionales 
- alpha latices 
- hileras-columna 
- latinizados 

Ejemplo del uso de latice en ensayos de 
maíz en condiciones de sequía 

12110/2004 Diseño de experimento no repetidos Area de Computación F acuitad 
¿por que? cuando y ¿como? de Ciencias Agronómicas, 

Universidad de Chile 
12/10/2004 Analisis espacial Area de Computación Facultad 

Modelo autoregresivo en el sentido de las de Ciencias Agronómicas, 
hileras y las columnas Splines y otros Universidad de Chile 

13/10/2004 lnteraccion GxE Area de Computación Facultad 
de Ciencias Agronómicas, 
Universidad de Chile 

13/10/2004 Modelo de regresión simple para estudiar la Area de Computación Facultad 
estabilidad de genotipos de Ciencias Agronómicas, . 

Universidad de Chile 
13/10/2004 Modelo lineales-bilineales para estudiar la Area de Computación Facultad 

estabilidad de genotipos de Ciencias Agronómicas, 
Universidad de Chile 

13 y 14 Biplols de los modelos lineales-bilineales Area de Computación Facultad 
10/2004 de Ciencias Agronómicas, 

Universidad de Chile 
14110/2004 Los modeles SHMM y SREG para agrupar Area de Computación Facullad 

ambientes y genotipos sin interacción de Ciencias Agronómicas, 
Universidad de Chile 

14110/2004 GxE de entrecruzamiento Are a de Computación F acuitad 
de Ciencias Agronómicas, 
Universidad de Chile 

l ---r 
Co~'úJ\ tod~ wku-- c.o\\J ""lvf!\ 

---
_ _...,/ - · 5 

( 
\ 
\ 



• • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • 

.. \.: .:-: : .. \" ' ... .- .,..;":~ · · ·~( . ,, · ·r~: .. :) :·· 
. . 

, . . -· . ,._ .. ....... . . ' ( : ...-·:-.. -:· > ' ' ; .· ' ·, ..... ; . ;~ : .. ' --t .. ~.--~ ·; . ... .. ., .· .. . .. -··- . , . . ~:.. ..... 
' ·' . . 

.. ',• {: ' ::.V -:... " .·: ~ :.'~ -;' .. · ·-·!·.~:: .. . ;~ , . . ' ~·. : / . ?·:.~.~ · , ..... :: :' :-.. 1: ·,-,;·~ ·=-·: .:. ... ... ·-· · !" . • • ' · .. ;;_ ' . ·· '.:.• •_\:::: . :' .. - ... 

Institución/ 
Persona de 

Empresa/Organi-
Contacto 

Cargo Fono/Fax Dirección 
zación 

Instituto de 
(63) 221723 Producción y 

Universidad Austral Daniel Calderini Profesor Fax: Sanidad Vegetal, 
(63) 221233 Campus Isla Teja, 

Valdivia. X Región 

Coordinador e 

INIA Gabriel Saavedra 
1 nvestigaoor del 02-7575154 Santa Rosa 11610, 
Oepto. de Hortalizas y 02-5417667 La Pintana 
Cultivos 

Semillas Pioneer Chile 
Gastón Oelard 

U da. 
3622337 

Semillas CIS Llda .. 
Jefe Programa Av El Bosque Norte 

Rodrigo Carvacho Investigación 2035193 
Remolacha 

0440, piso 8 

·-··· 
. ~ .r- ·' : . 

E-mail 

danielcalderi 
ni@uach.cl 

gsaavedr@pl 
atina.inia.cl 

gaston.delar 
d@pioneer.c 
om 

rcarvacho@c 
íschíle.cl 
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Tipo de Material N° Correlativo (si es Caracterización (título) 
necesario) 

1 Crossa, J., Comelíus, P.L. and Weíkai Yan . 
2002. Bíplots of Línear-Bilinear Models for 
studying crossover genotype environment 
interaction. Crop Science 42:619-633 . 

2 Vargas, M., Crossa, J., Sayre, K., Reynolds, 
M., Ramirez, M. and Talbot, M. 1998 . 
lnterpreting Genotype x Environment 
ínteraction in wheal by Partial Leas! Squares 
regression. Crop Science 38:679-689 . 

3 
Linear-Bílinear models for the análisis of 
Genotype-Environment interaction. 2002 . 
Crossa, J. and Comelius, P.L. In: Quantitative 
Genetics, genomics and Pfant Breeding. M. S 
Kang(Ed) . 

4 Trethowan, R., Crossa, J., Van Ginkel, M. and 
Artículo Rajaram, S. 2001. Relationships among Bread 

Wheat lntemational Yield Testing Locations in 
Dry Areas. Crop Sci. 41:1461-1469 . 

5 Yan, W., Comelius, P., Crossa, J. and L. A. 
Hunt 2001. Two Types of GGE Biplots for 
analyzing Multi-Environment trial data. Crop 
Sci. 41:65~63 . 

6 Vargas, M., Crossa, J .• Van Eeuwijk, F., 
Ramirez, M. and Sayre, K. 1999. Using partial 
least Squares Regression, Factorial 
Regression, and AMMI Models for interpreting 
Genotype x Environment interaction. Crop Sci. 
39:955-967 . 

7 
Crossa, J., Van Eeuwijk, F., Comelius, P. and 
Vargas, M. Linear, Bilinear rmodels for 
analizing Genolipe x Envronment interaction . 

Foto 

User's guide for spatial analysis of 
Libro (manual) field varíety trials using ASREML 

A. Cadena, J. Burgueño, J. Crossa 
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1 ::positiva 

4. PROGRAMA DE DIFUSIÓN EJECUTADO 

~~~~ 

~~~~~~~~~~~~ 
~~~~~IYJ~~~~@'§liil@l 
~~~G1m!ID~~~~~rJ~@! 
~~~~1[/J§J~@liil~~ 

Actividad realizada: 
Curso 

Fecha: 
12 al 14 de Octubre de 2004 

Temas tratados: 
Diseño estadístico, Interacción Genotipo x Medioambiente, Análisis espacial, Análisis de 
estabilidad de rendimiento, Análisis de componentes principales, Biplots (AMMI, SREG) . 

Asistentes: 
Participaron de este curso 24 personas, entre los que se cuentan profesionales que trabajan 
en Investigación, Mejoramiento Genético y Selección de variedades. Estos pertenecen a 
distintas instituciones, publicas y privadas. Además participaron estudiantes de pregrado de la 
carrera de Ingeniería Agronómica de la Universidad de Chile, estudiantes de postgrado del 
proQrama de Doctorado en Ciencias Silvoagropecuarias de la U. de Chile y del Programa de 
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Magíster de la U. Austral 

Instituciones asistentes: 
Instituciones Publicas: Facultad de Ciencias Agronómicas de la Universidad de Chile, Facultad 
de Ciencias Forestales de la Universidad de Chile, Facultad de Ciencias Agrarias de la 
Universidad Austral, Instituto Nacional de Investigaciones Agrícolas (INIA) . 
Instituciones Privadas: Semillas Pioneer Chile Ltda. y Semillas GIS . 

Expositor: 
Dr. José Crossa, Jefe de la Unidad de Bíometría y Estadística del Centro Internacional de 
Mejoramiento del Maíz y Trigo (CIMMYT), México . 

Tipo de Invitación: 
Las invitaciones fueron dirigidas, de manera de reunir a profesionales y académicos que se 
enfrenten a la problemática de la interpretación de la interacción Genotipo x Medioambiente . 

~~@Jlim~c!ID~ 

~l!añl~~~~'f}~~~@@!ID~®~ 
~~~~~~~ 

Tipo de material Nombre o identificación Preparado por Cantidad 

Disco compacto Clases dictadas por el Dr. José Crossa 
Crossa 

Disco compacto Ejemplos de conceptos José Crossa 
entregados en clases, programa 
estadístico ASREML (versión 
libre). ejercicios prácticos de 
aplicación de conceptos . 
Artículos relacionados y manual 
de uso del programa estadístico 
escrito por el Dr. Crossa . 

1 

1 
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1 Im~~ 

Nombre Edmundo 

Apellido Paterno Acevedo 

Apellido Materno Hinojosa 

RUT Personal 4.341 .620-0 

Dirección, Comuna y Región Santa Rosa 11315, La Pintana. Reg. Metropolitana 

Fono y Fax (2) 678 5858 

E-mail eacevedo@uchile.cl edmundoacevedo@vtr.net 

Nombre de la organización, empresa o 
institución donde trabaja 1 Nombre del Universidad de Chile, Facultad de Ciencias 
predio o de la sociedad en caso de ser Agronómicas 
productor 

RUT de la organización, empresa o 
institución donde trabaja 1 RUT de la 

60.910.000-1 
sociedad agrícola o predio en caso de ser 
agricultor 

Cargo o actividad que desarrolla Profesor titular 

Rubro, área o sector a la cual se vincula o Agronomía 
en la Que trabaja 

2 

Nombre Paola 

Apellido Paterno Silva 

Apellido Materno Can día 

RUT Personal 10.932.989-4 

Dirección, Comuna y Región Santa Rosa 11315, La Pintana. Reg. Metropolitana 

Fono y Fax (2) 678 5858 

E-mail psilva@uchile. el 

Nombre de la organización, empresa o 
institución donde trabaja 1 Nombre del Universidad de Chile, Facultad de Ciencias 
predio o de la sociedad en caso de ser Agronómicas 
productor 

10 
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RUT de la organización, empresa o 
institución donde trabaja 1 RUT de la 

60.910.000-1 
sociedad agrícola o predio en caso de ser 
agricultor 

Cargo o actividad que desarrolla Profesor asistente 

Rubro, área o sector a la cual se vincula o Agronomía 
en la que trabaja 

3 

Nombre Herman 

Apellido Paterno Silva 

Apellido Materno Robledo 

RUT Personal 4.954.207-0 

Dirección, Comuna v Reaión Santa Rosa 11315, La Pintana. Reg. Metropolitana 

Fono y Fax (2) 678 5858 

E-mail hsilva@uchile.cl 

Nombre de la organización, empresa o 
institución donde trabaja 1 Nombre del Universidad de Chile, Facultad de Ciencias 
predio o de la sociedad en caso de ser Agronómicas 
productor 

RUT de la organización, empresa o 
institución donde trabaja 1 RUT de la 

60.910.000-1 
sociedad agrícola o predio en caso de ser 
agricultor 

Cargo o actividad que desarrolla Profesor asociado 

Rubro, área o sector a la cual se vincula o Ecofisiológia vegetal 
en la que trabaja 

4 

Nombre Alberto 

Apellido Paterno Mansilla 

Apellido Materno Martínez 

RUT Personal 3.832.217 - 6 

Dirección Comuna v Reaión Luis Durand 4066. Santiago, RM 

Fono y Fax 221 3961 678 5802 

E-mail amansill@uchile.cl 

Nombre de la organización, empresa 0 Universidad de Chile. Fac. Ciencias Agronómicas 

JI 
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institución donde trabaja 1 Nombre del 
predio o de la sociedad en caso de ser 
productor 

RUT de la organización, empresa o 
institución donde trabaja 1 RUT de la 
sociedad agrícola o predio en caso de ser 
agricultor 

Cargo o actividad que desarrolla 

Rubro, área o sector a la cual se vincula o 
en la que trabaja 

5 

Nombre 

Apellido Paterno 

Apellido Materno 

RUT Personal 

Dirección, Comuna y Región 

Fono y Fax 

E-mail 

Nombre de la organización, empresa o 
institución donde trabaja 1 Nombre del 
predio o de la sociedad en caso de ser 
productor 

RUT de la organización, empresa o 
institución donde trabaja 1 RUT de la 
sociedad agrícola o predio en caso de ser 
agricultor 

Cargo o actividad que desarrolla 

Rubro, área o sector a la cual se vincula o 
en la que trabaja 

6 

Nombre 

Apellido Paterno 

Apellido Materno 

RUT Personal 

Dirección, Comuna y Región 

60.910.000-1 

Profesor Titular de Estadística 

Modelos Biológicos. Biometría 

Eduardo Enrique 

Martínez 

Herrera 

12.914.068-2 

Pje. Cosmos 2367, Conchalí, Santiago 

7352296,6785858 

emartine@uchile.cl 

Universidad de Chile, Facultad de Ciencias 
Agronómicas 

60.910.000-1 

Estudiante Programa de Doctorado en Ciencias 
Silvoagropecuarias y Veterinarias de la U. De Chile 

Rotaciones de Cultivos 

Susana Rebeca 

Valle 

Toledo 

12.005.623-9 

Santa Rosa 11.315 La Pintana 
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~ ' ,.,,_" 
•

GOBIERNO Dl CHILl 
FUNDACION rARA LA 

INNOVAOON AGRARIA 

Fono y Fax 

E-mail 

Nombre de la organización, empresa o 

6785858 

susanavallet@yahoo.com 

institución donde trabaja 1 Nombre del Universidad de Chile, Facultad de Ciencias 
predio o de la sociedad en caso de ser Agronómicas 
productor 

RUT de la organización, empresa o 
institución d?nde trabaja 1 RUT de la 

60
_
910

_
000

_
1 

soc1edad agncola o predio en caso de ser 
agricultor 

Cargo o actividad que desarrolla Estudiante- Tesista 

Rubro, área o sector a la cual se vincula o Trabajo de Tesis de Ingeniero Agrónomo 
en la que trabaja 

7 

Nombre Mauricio Feli¡:¡_e 

Apellido Paterno Ortiz 

Apellido Materno Lizana 

RUT Personal 12.862.516-k 

Dirección, Comuna y Región Malina 668, Buin. Región Metropolitana 

Fono y Fax (2) 678 5858 

E-mail mauricioortiz@chilesat.net 

Nombre de la organización, empresa o 
institución donde trabaja 1 Nombre del Universidad de Chile, Facultad de Ciencias 
predio o de la sociedad en caso de ser Agronómicas 
productor 

RUT de la organización, empresa o 
institución d?nde trabaja 1 RUT de la 

60
_
910

_
000

_
1 

soc1edad agncola o predio en caso de ser 
agricultor 

Cargo o actividad que desarrolla Ingeniero Agrónomo 

Rubro, área o sector a la cual se vincula o Resistencia a estrés hídrico 
en la que trabaja 
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8 

Nombre 

Apellido Paterno 

Apellido Materno 

RUT Personal 

Dirección Comuna y Región 

Fono y Fax 

E-mail 

Nombre de la organización, empresa o 
institución donde trabaja 1 Nombre del 
predio o de la sociedad en caso de ser 
productor 

RUT de la organización, empresa o 
institución donde trabaja 1 RUT de la 
sociedad agrícola o predio en caso de ser 
agricultor 

Cargo o actividad que desarrolla 

Rubro, área o sector a la cual se vincula o 
en la que trabaja 

9 

Nombre 

Apellido Paterno 

Apellido Materno 

RUT Personal 

Dirección, Comuna y Región 

Fono y Fax 

E-mail 

Nombre de la organización, empresa o 
institución donde trabaja 1 Nombre del 
predio o de la sociedad en caso de ser 
productor 

RUT de la organización, empresa o 
institución donde trabaja 1 RUT de la 
sociedad agrícola o predio en caso de ser 
agrioultor 

Marcela 

O pazo 

lllanes 

12.240.318-1 

Venezuela 8814, La Florida, Santiago 

(2) 6785858 

maoi_opazo@ 123mail.cl 

Universidad de Chile, Facultad de Ciencias 
Agronómicas 

60.910.00Q-1 

Ingeniero Agrónomo 

Producción de semillas 

Juan Manuel 

Barrios 

Martinez 

5.974.164-0 

Santa Rosa 11.315 La Pintana 

6785857, 6785905 

jbarrios@uchile. el 

Universidad de Chile, Fac. Ciencias Forestales 

60.910.00Q-1 
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Cargo o actividad que desarrolla 

Rubro, área o sector a la cual se vincula o 
en la Que trabaja 

10 

Nombre 

Apellido Paterno 

Apellido Materno 

RUT Personal 

Dirección, Comuna y Región 

Fono y Fax 

E-mail 

Nombre de la organización, empresa o 
institución donde trabaja 1 Nombre del 
predio o de la sociedad en caso de ser 
productor 

RUT de la organización, empresa o 
institución donde trabaja 1 RUT de la 
sociedad agrícola o predio en caso de ser 
agricultor 

Cargo o actividad que desarrolla 

Rubro, área o sector a la cual se vincula o 
en la que trabaja 
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Nombre 

Apellido Paterno 

Apellido Materno 

RUT Personal 

Dirección, Comuna y Región 

Fono y Fax 

E-mail 

Nombre de la organización, empresa o 
institución donde trabaja 1 Nombre del 
predio o de la sociedad en caso de ser 
productor 

Profesor adjunto 

Modelos de la Investigación Operativa. 
Computación 

Javiera 

González 

Cruz 

Santa Rosa 11315, La Pintana, Región 
Metropolitana 

(2) 6785867 

javigonz@uchile. el 

Universidad de Chile, Facultad de Ciencias 
Agronómicas 

60.910.000-1 

Estudiante Programa de Doctorado en Ciencias 
Silvoagropecuarias y Veterinarias de la U. De Chile 

Fisiología de cultivos 

Carolina lvon 

Rivera 

Montoya 

13.923.217-8 

Algarrobo 7978, La Granja, Santiago 

5254367-97291014 

criveramont@yahoo. com 

Fac. Ciencias Agronómicas Universidad de Chile 
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RUT de la organización, empresa o 
institución donde trabaja 1 RUT de la 60.910.000-1 
sociedad agrícola o predio en caso de ser 
agricultor 

Cargo o actividad que desarrolla Estudiante Ingeniería Agronómica 

Rubro, área o sector a la cual se vincula o Agronomía 
en la Que trabaja 

12 

Nombre Maria Verónica 

Apellido Paterno Muñoz 

Apellido Materno Muñoz 

RUT Personal 13.660.430-9 

Dirección, Comuna v Región Pasaje 50 casa 2037, Conchalí 

Fono y Fax 08-5444603 

E-mail veroagr@hotmail.com 

Nombre de la organización, empresa o 
institución donde trabaja 1 Nombre del Universidad de Chile, Fac. Ciencias Agronómicas 
predio o de la sociedad en caso de ser 
productor 

RUT de la organización, empresa o 
institución donde trabaja 1 RUT de la 60.910.000-1 
sociedad agrícola o predio en caso de ser 
agricultor 

Cargo o actividad que desarrolla Tesista de Ingeniería Agronómica 

Rubro, área o sector a la cual se vincula o Agronomía 
en la Que trabaja 

13 

Nombre Carla César 

Apellido Paterno Montes 

Apellido Materno Verdugo 

RUT Personal 13.679.194-K 

Dirección, Comuna y Región Salar de Llamara #1 0263 La Florida 

Fono y Fax 2827691 1 oa s112211 

E-mail Carlomontes@hotmail.com 

Nombre de la organización empresa 0 Universidad de Chile 
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institución donde trabaja 1 Nombre del 
predio o de la sociedad en caso de ser 
productor 

RUT de la organización, empresa o 
institución donde trabaja 1 RUT de la 
sociedad agrícola o predio en caso de ser 
agricultor 

Cargo o actividad que desarrolla 

Rubro, área o sector a la cual se vincula o 
en la que trabaja 

14 

Nombre 

Apellido Paterno 

Apellido Materno 

RUT Personal 

Dirección, Comuna y Región 

Fono y Fax 

E-mail 

Nombre de la organización, empresa o 
institución donde trabaja 1 Nombre del 
predio o de la sociedad en caso de ser 
productor 

RUT de la organización, empresa o 
institución donde trabaja 1 RUT de la 
sociedad agrícola o predio en caso de ser 
agricultor 

Cargo o actividad que desarrolla 

Rubro, área o sector a la cual se vincula o 
en la que trabaja 
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Nombre 

Apellido Paterno 

Apellido Materno 

RUT Personal 

Dirección, Comuna y Región 

60.910.000-1 

Estudiante Ingeniería Agronómica 

Agronomía 

Daniel F . 

Calderini 

Ros so 

21.152.920-2 

Instituto de Producción y Sanidad Vegetal, 
Campus Isla Teia, Valdivia. X Región 

(63) 22-1723 Fax: (63) 22-1233 

Oanielcalderini@uach.cl 

Facultad de Ciencias Agrarias, Universidad Austral 
de Chile 

81.380.500-6 

Profesor 

Fisiología de cultivos anuales 

Patricio Alejandro 

Sandaña 

Gómez 

13.325.348-3 

Colon 577 Coyhaique 
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Fono y Fax 

E-mail 

Nombre de la organización, empresa o 
institución donde trabaja 1 Nombre del 
predio o de la sociedad en caso de ser 
productor 

RUT de la organización, empresa o 
institución donde trabaja 1 RUT de la 
sociedad agrícola o predio en caso de ser 
agricultor 

Cargo o actividad que desarrolla 

Rubro, área o sector a la cual se vincula o 
en la Que trabaja 
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Nombre 

Apellido Paterno 

Apellido Materno 

RUT Personal 

Dirección, Comuna y Región 

Fono y Fax 

E-mail 

Nombre de la organización, empresa o 
institución donde trabaja 1 Nombre del 
predio o de la sociedad en caso de ser 
productor 

RUT de la organización, empresa o 
institución donde trabaja 1 RUT de la 
sociedad agrícola o predio en caso de ser 
agricultor 

Cargo o actividad que desarrolla 

Rubro, área o sector a la cual se vincula o 
en la Que trabaja 

17 

Nombre 

(63) 211864 (67) 235774 

patriciosandana@uach.cl 

Universidad Austral de Chile 

81.380.500-6 

Estudiante de Magíster en Ciencias Vegetales 

Agronomía 

Claudia Isabel 

Harcha 

Cortés 

10.663.389-4 

Campus Isla Teja s/n 

Secretaria: (63) 221232 
Fax: (63) 221233 
Celular: 0-94515395 

claudiaharcha@uach.cl 

Universidad Austral de Chile 

81.380.500-6 

Estudiante de Magíster en Ciencias Vegetales 
Mención Fisiología Vegetal 

Agricultura 
Investigación 

Erika Roxana 
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Apellido Paterno 

Apellido Materno 

RUT Personal 

Dirección Comuna v Región 

Fono v Fax 

E-mail 

Nombre de la organización, empresa o 
institución donde trabaja 1 Nombre del 
predio o de la sociedad en caso de ser 
productor 

RUT de la organización, empresa o 
institución donde trabaja 1 RUT de la 
sociedad agrícola o predio en caso de ser 
agricultor 

Cargo o actividad que desarrolla 

Rubro, área o sector a la cual se vincula o 
en la que trabaja 
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Nombre 

Apellido Paterno 

Apellido Materno 

RUT Personal 

Dirección, Comuna v Reoión 

Fono y Fax 

E-mail 

Nombre de la organización, empresa o 
institución donde trabaja 1 Nombre del 
predio o de la sociedad en caso de ser 
productor 

RUT de la organización, empresa o 
institución donde trabaja 1 RUT de la 
sociedad agrícola o predio en caso de ser 
agricultor 

Cargo o actividad que desarrolla 

Rubro, área o sector a la cual se vincula o 

Salazar 

Suazo 

7.624.182-1 

Sta Rosa 11610, La Pintana, Santiago 

56 2 7575204 56 2 5416687{FAX) 

esalazar@platina.inia.cl 

Instituto De Investigaciones Agropecuarias Cri-La 
Platina 

61.312.000-9 

Investigador, Encargada Banco Activo de 
Germoplasma 

Recursos Genéticos 

Gabriel 

Saavedra 

Del Real 

5.328.544-9 

Santa Rosa 11610- La Píntana 

02-7575154 y 02-5417667 

gsaavedr@platina.inia.cl 

Instituto de Investigaciones Agropecuarias - CRI 
La Platina 

61.312.000-9 

Coordinador e Investigador del Depto. de 
Hortalizas y Cultivos 

Mejoramiento genético de maíz choclero y tomate 

19 

iacosta
Rectángulo

iacosta
Rectángulo

iacosta
Rectángulo

iacosta
Rectángulo



• • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • 

•::.. . 

• 

G081ERNODl CHll 
fUNOACION rAlA LA 

INNOVAOON 1\GIVIII:IA 

en la que trabaja 

19 

Nombre 

Apellido Paterno 

Apellido Materno 

RUT Personal 

Dirección, Comuna y Región 

Fono v Fax 

E-mail 

Nombre de la organización, empresa o 
institución donde trabaja 1 Nombre del 
predio o de la sociedad en caso de ser 
productor 

RUT de la organización, empresa o 
institución donde trabaja 1 RUT de la 
sociedad agrícola o predio en caso de ser 
agricultor 

Cargo o actividad que desarrolla 

Rubro, área o sector a la cual se vincula o 
en la Que trabaja 
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Nombre 

Apellido Paterno 

Apellido Materno 

RUT Personal 

Dirección, Comuna y Región 

Fono y Fax 

E-mail 

Nombre de la organización, empresa o 
institución donde trabaja 1 Nombre del 
predio o de la sociedad en caso de ser 
productor 

RUT de la organización, empresa o 
institución donde trabaja 1 RUT de la 
sociedad agrícola o predio en caso de ser 
agricultor 

1 para procesamiento. 

Juan Eduardo 

Zarhi 

Salim-Hanna 

9.585.049-9 

Coyancura 2241 piso 3, Providencia 

3622352 1 8249890 

juan.zarhi@pioneer.com 

Semillas Pioneer Chile Ltda .. 

89.646.300-4 

Agrónomo 

Investigación y Producción de Semillas 

Andrea Marisol 

Salinas 

Rubio 

13.031.291-8 

Santa Filomena , Buin 

3622384 

andrea.salinas@pioneer.com 

Semillas Pioneer Chile Ltda .. 

89.646.300-4 
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Cargo o actividad que desarrolla 

Rubro, área o sector a la cual se vincula o 
en la que trabaja 
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Nombre 

Apellido Paterno 

Apellido Materno 

RUT Personal 

Dirección, Comuna v Región 

Fono y Fax 

E·mail 

Nombre de la organización, empresa o 
institución donde trabaja 1 Nombre del 
predio o de la sociedad en caso de ser 
productor 

RUT de la organización, empresa o 
institución donde trabaja 1 RUT de la 
sociedad agrícola o predio en caso de ser 
agricultor 

Cargo o actividad que desarrolla 

Rubro, área o sector a la cual se vincula o 
en la que trabaja 
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Nombre 

Apellido Paterno 

Apellido Materno 

RUT Personal 

Agrónomo 

Investigación y Producción de Semillas 

Gas ton 

Delard 

Rodríguez 

12.023.371-8 

Parcela 2fd Camino La Esperanza, Pirque 

3622337 

gaston.delard@pioneer. com 

Semillas Pioneer Chile Ltda . 

89.646.30().4 

Investigador asociado 

Investigación en maíz 

Miguel 

lbáñez 

Vial 

12.456.274-0 

Dirección, Comuna y Región . Camino Las Flores 11.929, Las Condes 

Fono y Fax 2141701 

E·mail miguel.ibanez@pioneer.com 

Nombre de la organización, empresa o 
institución donde trabaja 1 Nombre del Semillas Pioneer Chile L TOA. 
predio o de la sociedad en caso de ser 
productor 

RUT de la organización, empresa o 89.646.300-4 

2 1 

iacosta
Rectángulo

iacosta
Rectángulo

iacosta
Rectángulo



• • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • • 

institución donde trabaja 1 RUT de la 
sociedad agrícola o predio en caso de ser 
agricultor 

Cargo o actividad que desarrolla 

Rubro, área o sector a la cual se vincula o 
en la que trabaia 
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Nombre 

Apellido Paterno 

Apellido Materno 

RUT Personal 

Dirección, Comuna y Re!:lión 

Fono v Fax 

E-mail 

Nombre de la organización, empresa o 
institución donde trabaja 1 Nombre del 
predio o de la sociedad en caso de ser 
productor 

RUT de la organización, empresa o 
institución donde trabaja 1 RUT de la 
sociedad agrícola o predio en caso de ser 
agricultor 

Cargo o actividad que desarrolla 

Rubro, área o sector a la cual se vincula o 
en la que trabaia 
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Nombre 

Apellido Paterno 

Apellido Materno 

RUT Personal 

Dirección, Comuna y Región 

Fono y Fax 

E-mail 

Nombre de la organización, empresa o 

Subgerente 

Investigación en empresa de semillas . 

Rodrigo 

Carvacho 

Baillon 

7.931.748-9 

Av El Bosaue Norte 0440, piso 8 

203.51.93 

rcarvacho@cischile.cl 

Compañía Internacional de Semillas Ltda 

79.696.240-2 

lng Agrónomo, Jefe programa de Investigación de 
Remolacha 

Remolacha, lansa y empresas productoras de 
semillas 

Sybíl Amalia 

Herrera 

Foessel 

CIMMYT, Apdo Postal 6-641 , 06600 México, DF 
México 

52-55-5804 2004 ext. 22 46 

s. herrera@cgiar.org 

CIMMYT/Swedish University of Agricultura! 
Sciences (SLU) 
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institución donde trabaja 1 Nombre del 
predio o de la sociedad en caso de ser 
productor 

RUT de la organización, empresa o 
institución donde trabaja 1 RUT de la 
sociedad agrícola o predio en caso de ser 
agricultor 

Cargo o actividad que desarrolla Estudiante de doctorado 

Rubro, área o sector a la cual se vincula o Mejoramiento, fitopatologia, investigación 
en la Que trabaja 

~~clmlm~clm~ 

~@l~~~~lm~~~~~@tyltf@ 
~~r;~~~@ji]@j)~~~l§s 
~~IR§~~~~oJñM§@IJ~~~@lñ)~ 
~~~ 

Las actividades propuestas inicialmente, que correspondían al programa del curso, se 
cumplieron en su totalidad . 
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5 . EVALUACIÓN DE LA PROPUESTA 

·@jijJm~~!ID~~~cmr~9 

Ítem Bueno Regular Malo 

Recepción en país o región de destino según lo X 
programado 

Cumplimiento de reserva en hoteles X 

Cumplimiento del programa y horarios según lo X 
establecido por la entidad organizadora 

Facilidad en el acceso al transporte X 

Estimación de los costos programados para toda la X actividad 

~~e!@ liD~~~ 

~~~~~~!m~@1ñl~~{ii)@}~~~ 

a) Efectividad de la convocatoria 

Buena, ya que se cumplió el objetivo de reunir profesionales de distintas instituciones y 
empresas, así como alumnos de pre y postgrado . 

b) Grado de participación de los asistentes (interés, nivel de consultas, dudas, etc) 

Excelente, se mantuvo la asistencia y el interés durante los tres días que duro el curso. Los 
participantes manifestaron sus dudas e inquietudes permanentemente, las que siempre fueron 
aclaradas por el profesor . 

e) Nivel de conocimientos adquiridos en función de lo esperado (se debe indicar si la actividad 
contaba con algún mecanismo para medir este punto) 

Los conocimientos adquiridos estuvieron a la altura de lo que se esperaba del Dr. José Crossa, 
quien entregó conceptos complejos y áridos de entender con facilidad y claridad, mostrando la 
aplicación práctica de estos. El profesor envió un ejercicio a los alumnos con el que evaluará la 
comprensión y aplicación de los contenidos del curso . 

d} Calidad de material recibido durante la actividad de formación 

1 En caso de existir un ítem Malo o Regular, señalar los problemas enfrentados durante el 
desarrollo de la actividad de formación, la forma como fueron abordados y las sugerencias que 
puedan aportar a mejorar_ 
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Bueno, ya que reunía conceptos entregados en clases, así como ejercicios que permiten 
aplicarlos . 

e) Nivel de adecuación y facilidad de acceso a infraestructura/equipamiento necesario para el 
logro de los objetivos de la actividad de formación . 

Excelente, se usaron los computadores del Area de Computación de la Facultad de Ciencias 
Agronómicas, Universidad de Chile, a los que se instaló los contenidos y ejercicios del 
Profesor. Cada estudiante disponia de un equipo lo que hizo muy fluido el trabajo . 

f) Indique las materias que fueron más interesantes, más desarrolladas a lo largo de la 
actividad de formación y las que generan mayor interés desde el punto de vista de la 
realidad en la cual se desenvuelve el participante . 

Lo más interesante fue el uso de los Biplots y sus variantes como medio de interpretación 
gráfica de las relaciones e interacciones de los distintos factores que se analizan en los 
ensayos agronómicos y que representa una herramienta poderosa de análisis . 

g) Problemas presentados y sugerencias para mejorarlos en el futuro 

En general no se presentaron grandes problemas 

~~·~@Jlll(ffi~ffÍ)~ffif!~~@~ 

a) Apoyo de la Entidad Patrocinante (cuando corresponda) 

___x_ bueno __ regular --malo 

Justificar: 

b) Información recibida por parte de FIA para realizar la postulación 

...K_ amplia y detallada __ aceptable -- deficiente 

Justificar: 

e) Sistema de postulación al Programa de Fonnación o Promoción (según corresponda) 

X adecuado __ aceptable deficiente --

Justificar: 

d) Apoyo de FIA en la realización de los trámites de viaje (pasajes, seguros, otros) (sólo 

25 
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cuando corresponda) 

bueno ___lL regular malo 

Justificar: 

e) Recomendaciones (señalar aquellas recomendaciones que puedan aportar a mejorar los 
aspectos administrativos antes indicados) 

Tal vez seria bueno contar con la aprobación con mayor anticipación de manera de realizar las 
actividades organizativas de manera más holgada . 

26 
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ANEXO 1 
MATERIAL RECOPILADO DURANTE EL CURSO 
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USER'S GUIDIE FOR SPATIAl ANAl YSIS OF 

FiELD VARiETY lRiALS USING ASRENIL 

A.Cadena,J.Burgueño,J.Crossa 

Biometrics and Statistics Unit, CIMMYT 

Mexico 

M. Banziger 

Physiology Unit, CIMMYT 

Zimbabwe 

A. R. Gilmour 

Orange Agricultura! lnstitute 

Australia 

B. Cullis 

NSW Agriculture 

Agricultura! Research lnstitute 
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Preface 

The last decade of the millenium has seen majar improvements in the options available 

for the analysis of field trials. Traditionally, the principal method of handling spatial 

variation in a trial was through the use of incomplete block designs. Experience with 

many analyses has lead to the realization that spatial variation has multiple sources 

and block designs often fail to do justice to the spatial variability. 

This manual describes an approach to the spatial analysis of field experiments based 

on the software package ASREML (Gilmour et al. 1999). lt describes common sources 

of spatial variation and explains how these can be identified and accounted for in an 

analysis. 

NSW Agriculture makes no warranties with respect to ASREML. Use by CIMMYT of 

any software does not imply endorsement or recommendation. The user takes full 

responsibility for all manipulations done with ASREML. 

CIMMYT 

The lnternational Maize and Wheat lmprovement Center (CIMMYT) is an internationally 

funded, non-profit scientific research and training organization. Headquartered in 

Mexico, the Center works with agricultura! research institutions worldwide to improve 

the productivity and sustainability of maize and wheat systems for poor farmers in 

developing countries. lt is one of 16 similar centers supported by the Consultative 

Group on lnternational Agricultura! Research (CGIAR). The CGIAR comprises over 50 

partner countries, international and regional organizations, and private foundations. 1t 

is co-sponsored by the Food and Agriculture Organization (FAO) of the United Nations, 

the lnternational Bank for Reconstruction and Development (World Bank), the United 

Nations Development Programme (UNDP), and the United Nations Environment 

Programme (UNEP). 
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1 INTRODUCTION 

The main objective of variety trials is to obtain precise estimates of variety means and 

variety contrasts. Soil fertility, soil water-holding capacity, soil physical characteristics 

and other environmental factors often vary across an experimental site. Previous 

history, irrigation, plot trimming, direction of cultivation or harvesting are other man 

induced sources of variation. Good experimental design can reduce the impact of 

some of these factors but unless they are appropriately included in the statistical model 

when they occur, they will result in poor precision in estimates of variety effects and 

variety contrasts. 

We use the term spatial (or nearest neighbour) analysis to refer toan analysis where 

we investigate the variance structure of each tri al and use an appropriate structure for 

estimation of effects in the trial. This approach does not obviate the need for good 

experimental design but rather increases it because once a treatment effect is 

confounded with an environmental effect, the two cannot be disentangled. 

ASREML (Gilmour et al., 1999) uses the REML (Residual Maximum Likelihood) 

estimation method to estimate variance components in the context of mixed linear 

models. lt is a useful tool for analyzing field variety trials as it allows for the fitting of 

spatial variability within field trials in a variety of ways. lt allows for various 

experimental designs, multiple covariables and performs across site analysis. 

This Manual describes how to: 

1. install ASREML 
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2. prepare data files and ASREML command files to perform spatial 

analyses of replicated and unreplicated variety trials 

3. interpret ASREML outputs . 

2 BACKGROUND 

Spatial variability can be partly controlled by using an appropriate experimental design . 

Most variety trials use complete or incomplete block designs and are analyzed using 

!he traditional analysis of variance. Block designs attempt an a priori reduction of !he 

experimental error considering spatial heterogeneity among blocks. This approach 

does not consider the presence of spatial variability within blocks, and researchers face 

the problem of having !o find blocks in !he field that are homogeneous without knowing 

their most appropriate shape, dimension and orientation. When field variety trials are 

la id out in a rectangular array of r rows and e columns with replicates allocated 

contiguously, then spatial analysis can be performed with !he aim of improving 

precision of estimates of variety effects and variety contrasts . 

An appealing idea presented by Papadakis (1937) and developed by Wilkinson et al 

(1983) is to adjust a plot for spatial variability by using information from the immediate 

neighbours. One useful measure for examining !he heterogeneity patterns of the soil is 

the spatial autocorrelation of neighbouring plots within rows or within columns. That is 

form the correlation between residuals at various distances apart. lf there is no spatial 

pattern, all the correlations will be low. lf there is pattern in the residuals, neighbouring 

residuals will be more similar and so have higher correlation. Gleeson and Cullis 

(1987) proposed to sequentially fit a class of autoregressive-integrated-moving 

average models (ARIMA) to the plot errors in one direction (rows or columns). This 

was in the context of randomised complete block experiments. They found that 
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differencing a long the block and then fitting a moving average (MA) correlation 

structure to the residuals in that direction resulted in big gains in efficiency of the tri al. 

Cullis and Gleeson ( 1991) extended the previous model to two directions (rows and 

columns) assuming that, in the field, rows and columns are regularly spaced. However, 

differencing in this two dimensional analysis was prone to discard treatment information 

(as shown by Kempton et al, 1994). Grandona et al. (1996) analyzed 35 cereal yield 

trials using the two-dimensional spatial analysis proposed by Cullis and Gleeson 

( 1991) and found that the autoregressive model in the direction of the rows and 

columns was the most frequent best model. 

Gilmour et al (1997) distinguished between global, natural and extraneous variation. 

For natural variation arising from unevenness of soil moisture, soil depth or other 

natural variation, they proposed using a separable autoregressive (AR) correlation 

structure, without differencing. Thus, they model the natural variation as the direct 

product of an AR correlation structure for columns and an AR correlation structure for 

rows, denoted by AR 1 XAR 1. Extraneous variation includes effects introduced by the 

experimental operations. These operations are usually aligned with rows or columns 

and are usually modelled with random row and column effects. Global effects include 

any majar (non-stationary) trends across the fiel d. These are fitted as linear trends, 

cubic smoothing splines, row and column contrasts and covariates. 

The variogram is used by Gilmour et al (1997) as a majar diagnostic tool for checking 

for the presence of extraneous variation, along with trellis plots of residuals and plots of 

other random effects. lt is essentially the complement of the spatial autocorrelation 

matrix but is easier to view and interpret. lf there is no pattern to the residual, the 

variogram is essentially flat. Pattern shows itself in that the variance of differences 

between residuals which are near to each other will tend to be lower than for those that 

are from plots far apart. In other words, strong patterns in the variogram indicate that 
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extraneous variation is present. We will display several variograms pointing out the 

interpretation of some common patterns. The variogram is used in an informal way . 

Terms added to the modelare then formally tested with F-statistics (fixed terms) or 

Likelihood Ratio tests (random terms) . 

The classical approach considers that the response variable Y is modelled by 

Y= mu + variety effects + design effects + error 

where !he italics denote !he random terms. Thus, this model includes a constantterm 

(mu), any covariates, and variety effects as fixed effects. Design or block effects are 

fitted as random effects lo recover between block treatment (variety) information. The 

random effects are assumed lo be independent random variables distributed Normai(O, 

el) with different varían ces for blocks and residuals . 

The basic spatial model considers that !he response variable Y is explained by 

Y = mu + variety effects + global trend + design effects + error, 

The differences are: the possible inclusion of polynomialtrends and other special fixed 

effects to remove systematic spatial variation, additionalterms that are considered for 

inclusion in the design effects and the provision for the random effects and/or the 

residuals lo be correlated . 

An alternative is lo assume variety effects are random. This is necessary in 

unreplicated Iríais and !he multi-site analysis of trials where we wish lo have 

correlations between the performance of varieties in different sites. lt is often desirable 

in two replicate trials. This raises the issue of the difference between treating varieties 

as fixed and as random. As fixed effects, we obtain !he best linear unbiased estímate 

(BLUE) of the variety effect, that is, the best estímate of the performance of lhat variety 

in that trial. Treated as random effects, we obtain the best linear unbiased predictor 

(BLUP) of the variety effect, that is, the best estímate of !he performance of that variety 
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in future trials. Historically, selection has been based on BLUE estimates and it is then 

observed that performance after release is usually notas good as obtained in the trials. 

This is simply because future performance is predicted by the BLUP, not the BLUE. 

Gilmour et al. (1997) proposed extending the Cullis and Gleeson (1991) approach in a 

sequential manner. First a two-dimensional separable auto-regressive spatial model of 

first arder (AR1 x AR1) is fitted as the basic spatial model. The AR1 x AR1 model is 

flexible enough to generally represen! many different spatial patterns that arise. They 

then propase looking al the variogram. lf it has the classical AR1 x AR1 appearance 

and there are no outliers or other obvious problems, this model is accepted. 

Otherwise, the model is adapted as suggested by the variogram until a reasonable 

result is obtained. This is an iterative process. lt is helpful to discuss the models with 

the experimenter who knows physical site characteristics and trial management details. 

They afien explain the characteristics of the variogram. These might include variability 

due to agronomic and experimental practices and procedures such as irrigation flow, 

sowing and harvesting methods and direction, slope, proximity to roads, trees or rivers, 

machinery characteristics and site history. These are modelled as spatial covariances, 

covariates and functions of the spatial coordinates using polynomial functions or cubic 

splines. 

Wald statistics or F ratio statistics can be used to test the significance of fixed effects 

considered in the model. We prefer to include random terms rather than fixed terms in 

the model so as to recover treatment information but some effects need to be included 

as fixed effects. The likelihood ratio test is used lo test random effects in the model. 

There is often nota single best spatial model but rather, several reasonable spatial 

models. A reasonable spatial model is one where global, extraneous and natural 
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sources of variation are included in the model and this will be reflected in a variogram 

which has little structure other than the basic AR1 x AR1 structure . 

A traditional statistic used to test for variety differences is the standard error of 

difference (SED). This is appropriate for testing differences between fixed (BLUE) 

variety effects. From spatial analysis, the SED varies for each particular contras! but 

an average value is often reported. This may be used when all varieties have 

essentially the same replication. The SED is not an appropriate statistic for choosing a 

spatial model because it is strongly influenced by the particular spatial model. The 

bes! spatial model does not necessarily have the smallest SED. The SED is not 

appropriate for testing differences in BLUPs, i.e. random effects should be BLUPs . 

In general, the approach proposed by Gilmour et al. (1997) for applying spatial model 

to variety trials seems very attractive as it helps researchers to increase the precision 

of the experiment and have a better understanding on how the data in each particular 

environment was generated. Their paper should be read as it demonstrates the 

process of fitting a spatial model to real data. Nevertheless, as pointed out by Brownie 

et al. (1993), the presence of systematic variation within complete of incomplete blocks 

does not invalidate the use and the analysis of the classical complete block or 

incomplete block designs (such as lattices) but rather it strengthens the need for the 

random allocation of varieties to plots within complete or incomplete blocks. In addition 

improved statistical tools never compensate for precision lost while conducting an 

experiment using poor design or inappropriate agronomic and experimental practices . 
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3 INSTALLATION OF ASREilllL 

ASREML is currently available on the internet. A compiled version for personal 

computers (WINDOWS versions 95, 98 and NT) including manual can be found at the 

web address: ftp://ftp.res.bbsrc.ac.uk/pub/aar/. lt is also available for Sun Solaris and 

others operating systems. 11 requires a PC with al leas! a 486 processor, 16MB ram, 

50Mb hard disk and running WINDOWS® 95 or higher. 

This section describes installation of ASREML for personal computers and assumes 

that !he program file ASRWIN.EXE has been downloaded toa floppy disc, or !ha! !he 

user uses a floppy disc provided with this manual. lnstallation details are contained in 

the file INSTALL.TXT. Briefly they are as follows: 

1. Go to MSDOS Prompt 

2. Type MKDIR C:\ASREML and press ENTER (or make a subdirectory 

C:\ASREML using WINDOWS Explorer) 

3. Type CD C:\ASREML and press ENTER 

4. Place the floppy disk in Orive A and type A:ASRWIN and press ENTER 

With these instructions, !he program files are UNPACKED. 11 is highly recommended lo 

run a trial lo verify that !he program is functioning properly. For this, proceed as follows: 

6. Type ASREML SHF and press ENTER 

SHF is an ASREML instructions file generated when !he program is UNPACKED. lf 

ASREML has been successfully installed, a variogram that is par! of !he ASREML 

output will appear. You can scroll through !he outputs and leave ASREML by 

consecutively pressing !he ENTER key. 

ASREML memory requirements vary with the size of the job. Typically, analyses of a 

single tri al will require at leas! 1OMB hard disc space. lf there is no! enough memory or 

hard disc space, an error message describing the problem will pop up (INSUFFICIENT 
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MEMORY) ora reference will be made to the error number 169 orto the file 

LF90.EER, which contains the text associated to the FORTRAN errors . 

A complete manual for ASREML by Gilmour et al. (1999) in Postscript formal can be 

obtained by downloading the archive file ASRPS.EXE (available at 

ftp://ftp.res.bbsrc.ac.uk/pub/aar/) and running it lo produce ASREML.PS. lf you do not 

have a Postscript printer, you can read and print the manual using the program 

ghostscript (available at http://www.cs.wisc.edu/-ghosUindex.html) . 

4 THE LINEAR MIXED MODEL 

Formally, ASREML estimates variance components in a general linear mixed model 

using the residual maximum likelihood (REML) approach. The equation for the general 

mixed linear model is: 

Y= x, + Zu + 11 (1) 

where 

Y is !he response vector 

X is the design matrix for fixed effects 

' is !he vector for fixed effects 

Z is the design matrix for random effects 

u is the vector for random effects 

11 is the vector of residuals 

Matrix X is the design matrix for fixed effects such as overall mean and varieties ("t) . 

Matrix Z is the design matrix for random effects (u) such as complete or incomplete 

blocks, row and column effects, splines in the direction of !he rows and/or columns . 
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Here one can al so include the extraneous effects due to agronomic practices and other 

experimental procedures. The residual (-r¡) is composed of: 

l. the local trend (1;) which is modeled by the two dimensional auto­

regressive procedures in the direction of the row and columns, and 

11. the residual e after adjusting for all the other terms in the model. 

Note that 11 = ¡; + e. The random terms (u, 1;, e) are pairwise independent. 

ASREML fits this model with u and 1; or e having zero mean and variance-covariance 

matrices given by Var(u) = G and Var(TJ) =R. The default cases are when R=cr21 and 

Gr=cr/1. 

5 DATA ANALYSIS USING ASREML 

This section provides a general outline for using ASREML. The examples in Section 6 

will help the user to comprehend this outline. 

5.1 DATA FILE 

Data of field trials is commonly organized using a spreadsheet. Columns of the 

spreadsheet represen! the distinct attributes of each plot (factors, variables, 

covariables). Data for each experimental unit are listed in rows. For ASREML to read a 

data file properly, it should be saved as a comma separated file (.CSV). lf not prepared 

in a spreadsheet, the file should be prepared as an ASCII text file with columns 

separated by spaces. 

Characteristics of the data file are: 

o ldentifiers (headings, tilles) of columns may be included. 

12 

• • • • • • • • • • • • • • • • •• • • • • • • • • • • • • •• • • • • • • ~ 
• • • • • • • • • 



• • • • • • • • • • • • • • • • •• • • • • • • • • • • • • •• • • • • • • • • • • • • • • • • 

o ldentifiers (headings, tilles) and attributes (data, factor levels) must be 

alphanumeric . 

o Columns must be separated by at least one blank space, TAB or comma (in 

.CSVfile) . 

o Missing data must be represented by a doUperiod (.), an asterisk (*) or NA. 

In a .CSV file, empty fields between commas are considered as missing 

values; a row that begins or ends in a comma is considered as having 

missing data at the beginning or at the end, respectively, of that row . 

• lf a row has insufficient data fields, the input record is completed by taking 

values from the following row. This may result in wrong allocation of data. 

• A number sign (#) and dallar sign ($) have special meanings. Neither may 

appear in the data file . 

In .csv formal, a typical data file might begin like 

In space delimited ascii text form, it might look like 

¡o;nv. Expt RE>P Row,blockfcheclc. plot,entryJ yieldc Coluinn 

.;;: .· ;·ir ,. ::r·~~-i ::·,"~ :;;,_,,;g ... ,;.:;;:·m}.·i·~~g2"··; · ~~-· ··. 5· 
4 r4 r 1 · .· · 3 o · 86o3'>86o:í<'4: ri' · · 3 
4 1'4 L;' 1 · 4 .. 8604<'.8604, 3 .B7 4 . 

5.2 COMMAND FILE 

ASREML uses a command file that defines data file, attributes, model and variance 

structure. The following rules apply: 
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o The file must have a valid DOS name and the extension <name>.AS (for 

example: TRIAL 1.AS). Avoid names with embedded spaces. 

o The command file consists of fíve sectíons. These are: 

l. Title 

11. Definitíon of data columns 

111. Name of the data file 

IV. Linear modal 

V. Variance structure (when necessary) 

o All characters after a number sígn (#) are ignored 

o Blank rows are ignored. 

o A blank space is the most commonly used separator, although a T AB may 

also be used. 

o Key words are sensitiva to capital and lower -case letters. 

o All rows starting with a ! followed by a blank space are copiad as comments 

to the output file. 

Example of command file to analyse a single trial 

Spatial a.na.lysis o f a field tri~l ; # TITLE · 
env e xpt · · # DEFINI'Í'ION OF COLDMNS 
rep 2 
ro\.L,8 b l ock 8 check' 
plot 
ent ry 64 !I 
yield 
coiWtUl 1 6 

f# 
1 4 14 1 1 1 o 
# 4 14 1 1 2 o 
# 4 14 1 1 3 o 
# 4 .'14 1 1 4 1 
f# 4 14 1 1 S O 

., . .. 

Some data. as Commen ts 
8601 8601 3.47 1 
8602 8602 3.58 2 
8603 8603 4. 17 3 
8604 8604 3 . 87 4 
8605 á6os 2 . 92• s.: 
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t_rial. dat ! SKIP 1 . # N ame of data file; skip header 
line 
·¡yccyield -:: mu ·en):rj'¡•./c:.·c.c· .. # Linear-c,;n()del• i 
'"'/.:.;,:;· 
1 2 . 

' - ;,...__-,_·>·:;,;,_.; -_ . 

# Variance .-.-~S_tructure AR X 
r·ow row AR . 1 
col col AR .1 

In this guide, we present !he information required for coding ASREML for spatial 

analyses. Much more information and many more options are in !he reference manual. 

Title 

The first fine in !he command file is used for the tille. 11 should clearly identify !he tria! 

for future reference lo this analysis . 

11 Definition of columns in the data file 

Each column of !he data file mus! be defined. The definition consists of a <name> . 

Factors are defined by also specifying !he number of <levels> and usually a 

<qualifier>. Column definitions must be indented. While severa! definitions may 

appear on a fine, it is less confusing to have one definition per fine . 

• <name> A column name may have up lo 20 characters preceded and 

followed by a blank space . 

• <levels> lf !he column contains a variable, <levels> is set lo 1 or omitted; if 

!he column contains a factor, <levels> is se! lo 2 or !he actual number of 

factor levels . 

• <qualifiers> The majar qualifiers are !A and !1. 

!A means that !he data in this column is alphanumeric. ASREML will recade 

them in the arder of appearance . 
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!1 means that the data in this column is numeric but not 1 -- <levels>. 

ASREML will recade them in the order of appearance. 

No qualifier: lf <levels> is greater than 1 but no qualifier used, the data in 

this column is considerad as a factor coded 1 to <levels>. Otherwise the 

values are considerad as a variable. 

ASREML has sorne capacity to transform data which is described in the reference 

manual. We recommend new users transform data in a spreadsheet before using 

ASREML. 

111 File name for the data file and general qualifiers 

A data file must always be specified after defining the data columns. lts name must 

begin in the first position of the line. The data file name must include the path if it is not 

in the same directory as the command file. 

There are many qualifiers that can be placed on this line after specifying the name of 

the data file. The most commonly used are 

lskip n indicates to skip over the first n línes (those containing column 

headings} in the data file 

lmaxit m establishes the maximum number of iterations in m. The default is 

1 O iterations. 

IV Linear model 

The linear model is a list of terms, each separated by a space in the form 

<variable Y> - <model> 

<variable Y> is the name of the data field which will be analyzed. 
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factor 

<model> lists the terms of the model. <variable Y> is separated from 

<model> using the symbol (-) . 

Some common model terms are: 

m u represents a constant term or the intercept 

<name> is the name of an explanatory variable or 

<name>.<name> is the interaction of two terms 

!r indicates that the following term is random 

!f indicates that the following term is fixed 

mv if there are missing values in the response 

variable <variable Y>, mv needs to be placed 

among fixed terms i.e. befare Ir or after !f . 

Examples of models are: 

Y- mu entry 

Yield- mu entry Ir block 

Height- mu con(entry) lin(col) Ir spl(col) 

con(), lin() and spl() are model functions described below . 

Sorne rules when writing the model 

• Terms in the model are sensitive to capital and lower-case letters . 

• Wherever possible use the full name offactors and covariates when listing 

the model terms as this avoids confusion. However, it is legal to truncate 

names provided ambiguity is avoided . 
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o ASREML provides several model functions to achieve particular forms in the 

design matrix. The major ones are: 

con(entry) in place of entry constrains entry effects to sum to zero, 

/in( col) in place of col treats the factor col as a covariate, and 

pol(col,t) forms a t-orthoganal polynomials from co; the mean is excluded 

if it is negativa, po/(col,-t). 

spl(col), used as a random term in conjunction with lin(col) as a fixed term, 

fits the cubic smoothing spline to col. 

con() lin(), and poi() should only be used in the fixed part of the model. 

spl() should only be used in the random part 

o lnteractions between factors can be simplified. For example 

a*b expands to a b a.b 

a.(b e d) e expands to a.b a.c a.d e 

V Variance model 

A random term has a variance structure associated with it. The default variance 

structure is independent {uncorrelated) effects with equal variance. For the models 

covered in this manual, it is sufficient to assume the effects in all random factors other 

than the residual are uncorrelated and that the residuals may be correlated with a 

separable autoregressive structure. ASREML can handle much more complicated 

situations. 

Random effects: Uncorrelated random effects are included in the linear model by 

listing them after Ir. These commonly include factors like row, column, block, rep, 

spl(row), spl(col) and sorne interactions. 

Residuals: The residuals may be modelled as distributed independently or with a 

separable autoregressive structure [AR(rows) x AR(columns}] and occasionally as a 
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combination of these. For the first case, nothing extra is required. For the second 

case, three extra lines are required. Typically they will be 

1 2 ... 

column column AR1 .1 
row ·•row AR1 .1 . 

These lines mean: 

• that we are analysing a single experimentlaid out in the field in two dimensions; 

• that the data file contains two factors called row and column which index the field 

positions and 

• that ASREML is to fit an autoregressive structure to each of these dimensions using 

0.1 as the initial correlation . 

With this specification, ASREML checks that the spatial arrangement is correct. 

Example of randomised block analysis 

A randomised block analysis could be specified in ASREML with: 

Command 'file· 
-.~ ,--, e~-'\'\-.-;;: ;<:,.-,<;-·• 

:s<t•~,,-; é ;;,,,;,.!'h~;¡i lilfij.J .. : .;Explali"i!iion ' 
.' ;'> .-_o---y-<:~- ¿.-:.;_,e'-;'-';, 

Exampl~: randomised U>VV". 

rep ·: .c/1 . 3 
enfry,~i~'L .1 07 · 
yield .. 

. row · · · ·• >· ·22. ·• ;':ii.ii!?'tt.:•••c:)• ébii: ·•··; 1s · .. 
mydatá(jat 
y - m u eón( entry) 1 r re p .. 

"\(' Title 
'>~-- -

. ;·:·.,;,:.;, g6:il:~;~:~~;~6~ 
1 caturnri. életinition . 

.... • •. ¡:;">' ·. g~~~~~f~~~~;~6~ .... !._i'"· 
>r; :·-¡·• • File nafríé for data file 

l Linearrfi6del 

The data file has 1 header line and 330 data lines. Each data line contains a rep 

number (1-3), a genotype (entry) number (1-107), a yield, a row number (1-15) and 

a column number (1-22). The spatial information is ignored in this analysis . 
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The fixed model includes lhe general mean [mu] and enlry effecls wilh lhe reslriclion 

lhal lhe sum of all enlry effecls equals zero [con(enlry)]. Replicale effecls are fitted as 

random effects wilh variance var{u)=cr\13 and residuals are dislribuled wilh variance 

var( e )=cr21330. 

Example: lnitial spatial analysis 

The inilial spalial analysis as advocaled by Gilmour el al (1997) could be coded as: 

Cornmand file 

Example of spatial analysis 
rep 

>"entry 
_yield 

3 
107 

row 22 
~col ··. 15 

mydáta.dat !SKIP 1 
y - mu e (entry) 
1 2 
co•L 'col ARl• :Ó.1 
row row ARl O. 1 

Explanation 

1 Title 

1 Column definition 

1 Column defínition · · 

1 Colümn definitíon 

1 Column definítion 

1 Column defínítíon 

1 File na me for data file 

1 Linear model 

1 V afiance structure . 

1 •.\/afiance structure • 

1 Variance structure 

The fixed model is as befare, replicales are nol fitted bul lhe residuals are dislribuled 

wilh variance var(TJ)=cr22:A{4>col) 0 LA(4>Row) where LA(4>) is a malrix of aulo-regressive 

correlalions, wilh lhe parameler 4> corresponding lo columns and rows, respeclively. 

Correlalion paramelers between O and 1 are valid. 

5.3 RUNNING THE PROGRAM 

The command lo run ASREML is 

C:IASREMLIASREML.EXE -<oplion> <command file> 

where common <oplion>s include e, m, n and s2 and <command file> is lhe 

name of lhe command file. This command may be lyped direclly al lhe command 
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prompt in an MSDOS box, may be associated with the .as filename extension within 

Explorer or entered after clicking Start Run 

Concerning the options, use: 

-e to resume a run continuing iterations from the curren! point ; 

-m to invoke ASREML's Menu for interactive running and viewing output, 

-n to suppress the graphics and 

-s2 to increase memory size . 

-g11 to save the graphics to WMF files . 

Multiple options should be concatenated. E.g. -cms2 to combine e, m and s2 . 

5.4 RESULTS 

The results are written in various output files. A detailed summary of the analysis 

appears in the file <name>.ASR. The file <name>.SLN includes adjusted effects. In 

both cases, <name> is the same as the command file . 
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6 EXAMPLES FOR SPATIAL ANALYSIS OF A VARIETY TRIAL 

All data and command files used in this manual can be found in the following interne! 

address www.cimmvt.cqiar.org/biometrics 

6.1 SPATIAL ANAL YSIS OF A VARIETY TRIAL WITH REPLICA TES 

This section presents a sequence of programs in ASREML used for spatial analysis of 

replicated field trials. Data from two trials will be shown (TRIAL 1.DAT and 

TRIAL2. DAT). Note that the appropriate use of ASREML for spatial analysis of field 

trials is not automatic and can not be done by simply pressing a couple of keys. As 

proposed by Gilmour el al (1997), the analysis proceeds through a series of steps to 

produce an appropriate spatial model. 

6.1.1 TRIAL 1 

Preparing the data file 

Our first example is a variety trial designed as an alpha-lattice design (Patterson and 

Williams, 1976) with 16 varieties planted in three contiguous replicates laid out in 6 

rows and 8 columns. Each replicate had 2 rows. Each row had 2 blocks of 4 plots. 

Data for this example are in file TRIAL 1.DAT. The first rows of the data file are shown 

below. 

First rows of the data file TRIAL 1.DAT: 

rep blk row col plot Variety yld 

1 1 1 1 1 16 2556 

1 1 1 2 2 1 1361 

1 1 1 3 3 6 1567 
1 1 1 4 4 10 1797 

1 2 1 5 5 11 2753 

.1 2 1 6 6 4 2089 

1 z· 1 7 . "7 15 2531 

1 2 1 8 8 S 3144 
l. 3 2 1 9 12 2189 

1 .3 2 .,2 lO .. ·3 1864 
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1 

1 

3 
3 

2 

2 

3 

4 

11 

12 

2 1400 

7 1006 

Each column or data field is separated by blank spaces and represents an attribute 

(factor, variable). The first line is a header line. There is then a line for each 

experimental unit, or plot. Thus the second line indicates that this experimental unit is 

from replicate (rep) 1, block (blk) 1, row 1, column (col) 1, plot 1, variety 16 and has a 

grain yield (yld) of 2556 kg ha-1 
. 

The usual first model to fit following the approach of Gilmour et al (1997) is assume 

separable AR1 x AR1 correlated errors. · However, to introduce the coding of ASREML, 

first present the traditional RCB (randomized complete block) analysis and the 

incomplete block analysis . 

11 Analysis as a randomized complete block design (RCBD) 

The command file, RCBD.AS, contains the instructions for analyzing the data in 

TRIAL 1. DAT as a randomized complete block design . 

Command file RCBD.AS for analyzing TRIAL 1.DAT as a randomized complete block 

design: 

Ralldo!ni.~éd· ,,COmplete u.~ u·"·"·- aua.~·Y'·~ 

, rep • 3 .· . .• ~~ ~;~f'~i~~~:~0{¡ .. blk' '12 ' .. 
''i3{.'FL:;¡;:; :;..-;;· • · -

<Ooli. 8 · · 
plót 48 
;,;aL16 .. ·· · 
IY'~~E< ·- .. • . 
triall. dat ! skip 1 
yld- rnU var !r rep 

This file has four sections: 

Title: Randomized complete block analysis with ASREML 

Definition of columns: The column definitions must all start with a blank space . 
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o rep is a factor with 3 levels. 

o blk is a factor with 12 levels coding blocks within replicates 

o row is a factor with 6 levels. 

o col is a factor with 8 levels. 

o plot is a factor with 48 levels. 

o var is a factor with 16 levels. 

o yld is the dependen! variable 

N ame of the data file: trial1.dat !skip 1 

!skip 1 causes ASREML to ignore the first line of the data file since it is a header line. 

Linear model: The mean (mu) and variety are fixed effects. rep is declared to be a 

random effect by placing it after ! r. 

Results: ASREML generales severa! output files. The primary output file, with file 

extension .asr, for the complete block analysis follows. A detailed description of the 

contents of this file is given with the ASREML output from the incomplete block 

analysis. The Loglikelihood from this RCB analysis is REML logl=-223.482. 

Output file RCBD.ASR for TRIAL 1.DAT analyzed as a randomized complete block 

design: 

ASREML (2 Sep 1999]. Raiídóillized'·"éómpl<,te block analysis with.ASREML. 
28 Sep 1999 14:46:10.450 · 8".00Nbyte rcbd 
Reading trial1.dat FREE FORMAT skipping 1 lines 
Univariate analysis of yld 
Using 48 records [of 
Model term Size Type 

1 rep 3 Factor 
o 

2 blk 12 Factor 
o 

3 row 6 Factor 
o 

4 col 8 Factor 
o 

5 plot 48 Factor 
o 

. ~:Aa read from 48 lines of trial1.dat .·]. 
COL Minimum Mean Maximum #zero #miss 

1 1 2.0000 3 o 

2 1 6.5000 12 o 

3 1 3.5000 6 o 

4. 1 4.5000 8 o 

5. 1 24.5000 48 o 
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6 var 16 Factor 6 1 . 8.5000 
o 

7; yld 1 ;Varia te ./ .. 7 228.0 1331. 
~ :;-- ¡ 

.-. ___ -,;_=,;:::J:··.-__ "" _,. '- J:·>_.-:. 
;<-f?.:-~u --1--'"'-COnstánt.-: ié·-~;,_ 

Forrning 20 equations: 17 cténse 
Initia1 updates will be shrunk by factoc 
NOTICE: ·1 (more ).jsingularities, · · 

.ú)gL=-,226.5.62• . S2g·•o·,28241Ú06 3Zj•df O.Iooo· . 
±:8<¡±:,;,-224.·9'62 '. · .. s2i'.'o'B:24775E::t"ó6 32'ctt. o.to'lo · 
LogL=-223.895 s2= 0.22317Ef06 32df 0.4255 
Lo'gL=-223. 547 SZ=. O. 21198Ú06 32· df O. 7227 

0.548 

_t;~~L=-223,486. %-;:;o.20767Et06 32::df 0 .. 9627 
· LogÍ.=-,223 i.482· ·s2#.to, 20659E4-06 :i2'i)ctf. · · L'Ó.4B 

Fifú=ü par·ame=,t.·~e;r Vélt-.JEi·~·-:. ,,. ·· .- -.. ~·:,_:::--.-:<--· ,,. ' ·>f? 'l'·:·:üs·s'·6-. 
,--~,:~:>, ; ,' "-· . 

16 

T\000 
· i~ o'oo 
1:.:ooo 
.LOOO 
1_,,000 

. :¡::'000 .. 
· L.OOOO 

o 

o 

sou_r-ce 
-r_~p. . 

·Mode1 
.... ,/. 3 

- U~(, 

te-:Í:rris 
:.,; 3 

· · Gamma 
1. o5562 
1.ooooO 

CoffiponEmt 
·.:;·218080 
·;<_'206588 . 

·.-cornp/ SE ': % C 
o. 95;¡ o p 

···Váiiiihce . /-~~::~{-;:_< 
•'• t'''~-

48 

DF··."/> .F..:.irl~·f}r-~ 
1 ;;,·:. 23 .. 15{ • 

Al}._alysis of,~:.-Yariance: ;~;- . 
~-:~.,7 ·-mu __ .-:: ;, 

15 ''" . 2•. 29·' • 
, '(,, stanctaid- Érror,,' '{ J~value.',: •·· 

2 : ~295. oop' . i.1{~ 114 

Solution · 

-~ _;:; ---·;_ ; ~~;;-;., 
. · . ;,"-':o:-.: 

7 rnu 

3_:·.· 494. 667.· 37_1.114 
4· 825.333' 371.114 

--·· ---·· --~ :':-¡_ •. , .• 

-i4?H :216 roo§;; 
15?{; ,· 886:333 
16 336.333 . 

3'71.:114 
.é:Úi':ll4 

3'Ü.l14 

2;;29' 

·-o.':;J. 
1.33. 
2 

111 Analysis as a randomized incomplete block design (RIBO) 

3.87 

2 :'n 
0.89 

-o,sr 
1.81 

-1.48 

o p 

The command file BLOCK.AS contains the instructions for analyzing the data in 

TRIAL 1. DATas an incomplete block design . 

Command file BLOCK.AS for analyzing TRIAL 1.DAT asan incomplete block design: 

row 
col e·/ 

., ~~'~t,i'~~/ 
yld 

triall.dat 1 sk~p' 1 

25 



yld- rnu var !r rep blk 

The only difference to the previous program (RCBD.AS) is the addition of the random 

factor blk. lf the blocks were coded 1 ... 4 within reps rather than 1 ... 12 across reps, the 

block factor would need to be fitted as rep.blk. 

Results: The primary ASREML output has 6 sections which are discussed in detail. lt 

is importan! to understand the output to avoid accepting invalid analyses. 

Section 1: The first line displays the compilation date of the program and the tille line 

for the job. The second line displays the date and time of the run, the size of the data 

space being used and the name of the job being run. The third line gives the name of 

the data file and number of header lines being skipped. The fourth line names the 

dependen! variable. The next line indicates how many data records have been read 

and how many are being used in the analysis. 

ASREML ·[ 2 Sep 1999] Incoinplete block analysis 
05 Oct 1999 14:52:35.370 8.00 Mbyte block.as 
QUALIFIERS: ! skip 1 
Readirig trialLd":t FREE FORMAT skipping 1.· lines 

· Univ-~-iiáte anaiY.s'is of y'_ 
Using 48 records [of. - 48 read from 48 liiles of triall.dat 

Section 2: This contains a summary of the data. Things to check here are that the 

labels for !he terms match the data values, that !he ranges, number of zeros and 

missing values are corree!. An idiosyncrasy of ASREML is that the Mínimum is 

determined ignoring zeros since these are reported in !he #zero column. 

Model term Size Type . COL Minirnum Mean , . -Maximurn #zero #miss 
1 rep 3 FactOr 1 1 ·2.; 0000 3 o o 
2 blk 12 Factor 2 1 6;5000 12 o o 
3 row 6 Factor 3 1 3.5000 6 o o 
4 col 8 Factor 4 1 4.5000 8 o o 
5 plot 48 Factor 5 1 24.5000 48 o o 
6 var 16 Factor 6 1 8.5000 16 o o 
7 y1d 1 Variate 4 228.0 1331. 3144. o o 
8 mu 1 Constant Term 
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Section 3 reports information produced while analyzing !he model. The 32 equations 

refer to !he arder of !he mixed model equations. That is 1 + 16 + 3 + 12. These are 

divided into a 'dense' set, !he first 17 and a 'sparse' se!, the 15 random effects. The 

update factor limits !he step size of the parameter updates in the first few iterations . 

This is a strategy to facilitate convergence . 

Singularities are linearly dependen! equations. One singularity occurs because 

ASREML cannot estimate, without a constraint, 16 variety effects and a mean. The 

constraint used is to fix !he first variety effect to zero such !he overall mean effect, mu, 

is actually !he mean of variety 1 and that !he variety effects are actually deviations from 

variety 1 . 

Next is a report of !he iteration process. The logl value is !he Loglikelihood which 

increases to a maximum of REML Logl=-221.417. S2=0.13322E+06 is !he converged 

estimate of the residual variance. There is then a statement of the number of residual 

degrees of freedom (32). This is a maximum value to use in testing any F-statistics 

shown below. This is followed by !he values of !he variance parameters a! each 

iteration . 

Form.ing 32 equatiCmS -: ~ J},~~- derise _ 
. InitL~l updates 'will.:.o~=_{lfF-~ñk by factor: 
,·_NQTICE: · ,-1 (more)>-S;_fngJ¿g:\;¡'l:i.ties-, 
: LogL=-221. 417 . · S2=."0:B'32.2Ú06 · 32 df 
LogL=-221.417 sz=·o.i:l:íziE+o6 · 32 df . . --~- ' -, . 
Fi!!al parameter valu~s .-,.¿{;_;~ · 

0.548 ;e·:__'(-· . 
· 1. 508 · .. · ·,·.}6·,'¡;5j3 
1.50? . f¡o:652'3 

1, 5o77.-· .. · <.o:·G5i29 · 

1.000 
1.000 

1.0000 

Section 4 summarizes !he analysis. The first table presents the variance components . 

The variance components are derived from !he Gamma values (used in the iteration) by 

multiplying them by the Variance (S2) . 

The Comp/SE is similar in concept to a t-statistic and provides a measure of the size of 

the componen!. lt is usual to test variance components with a Likelihood Ratio test 

(LRT), i.e. test the decrease in !he REML logl value produced by dropping !he term 
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from the model. The LRT is usually not significan! if Comp/SE is less than 0.5 and is 

usually significan! if Comp/SE is greater than 1.5. 

The % column is the percentage change in the parameter in the final iteration. A! 

convergence it will be O. The final column indicates any parameter constraints. A "P" 

in this column indicates the parameter is in parametric space, a "B" indicates !he 

parameter has been fixed a! a boundary. An "S" in this column indicates !he variance 

model is over-parameterized and there is no information !o update the parameter. 

The analysis of variance table provides tests of fixed effects. Two F ratios are 

presented. The first is like the SAS Type 1 test. lt tests !he addition of this term in !he 

model after adjusting for all effects no! in !he table or higher in !he table. The second F 

ratio is like the SAS Type 111 test. lt tests !he term after adjusting for all other terms in 

!he model. The Type 111 test is meaningless for some terms when there are 

singularities and interactions in the model. ASREML also reports an average Standard 

Error of Difference (SED) for main effects when the model is simple. 

Source Model terrns Gamma · S9ffipóirent Comp/SE % e 
rep 3 3 l. 50773 . :200856. 0.87 o p 

blk 12 . 12 0.652285 ·. 86895 .. 9 1.33 o p 

Varíance 48 32 1.00000 ·133218. 3.26 o p 

Analysis of Variance DF F-incr F,-adj -StndErrDiff 
7 mu 1 23.01 6¡48 
5 var 15 2.75 2.75 326.4 

Section 5 shows !he overall mean (mu) and solutions for !he fixed factors. For this 

simple model, variety means are calculated by adding mu !o !he variety effects. For 

example, for variety 1 !he adjusted mean is 907.978, for variety 2 !he adjusted mean is 

the sum of mu (907.978) and !he effect for variety 2 (-284.283), giving an adjusted 

mean of 623.695. All effects in the model are listed in the .sin file. For more 

complicated situations you will need !o refer !o chapter 6 of !he ASREML reference 

manual to see how you might form linear functions of these solutions. T-value and T­

prev, test hypothesis of effect equal zero and differences between consecutive effects 

respectively. 
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5 var 

7,mu 

1 rep 
8 blk.rep 

Solution Standard Error 

2 ~284.283 333.736 
3 493 .. 858 335.587 
4 .. 699.294 320. 937 
S . 863 .. 399 323.003 
6 . 30:.9743 309.614 

. ~ i}'~??)?H~~~J~~:: , ·· · · -·_ . m: ~H 
> 10 · .. :•777.··•·177 320.937 . 

: ... ~t~~~~n~~¡j~~:;.. .-.·. m:m· · · · 
14 405;458 ', 322.862 
15 .'942:484 333.600 

·-16 . -:.;.453\785.. 320.937 

· 17 'c{f·~~l'.i;1, 356.640 
3 effects fitted 

12 effects fitted 

,o. 85. 
'i.·47 

·' L.i8 
'2. 

T-prev 

2.42 
o .. 64 
0.51 

•' -2.49 
··-0. 44 

. .. , .• o. 82 
0.78 
'1.15 

., ... o. 81 
' é-1.21 

.:.;"-i'6•;•ái't•l ••. '-1':24 
0.49 
l. 60 

-l. 52 

Section 6 gives !he time and date when !he analysis was concluded and indicates if 

there was convergence in !he iterative process, both, log-likelihood and parameters 

estimates. Three termination messages are common: 

Logl converged indicates that the iteration process has converged satisfactorily. lt 

occurs when Logl difference in two consecutive iterations is less than 0.002 and !he 

variance parameters are also not changing . 

WARNING: Logl Converged; Parameters Not Converged indicates !he Logl values 

are very clase but the variance parameters are still changing. The percentage change 

of each parameter in the last iteration is reported in the % field of the variance 

componen! report. You may choose to accept the result or force a few more iterations 

by rerunning the job using the -e command line option [e.g. ASREML -e BLOCK] which 

will do an extra 2 or 3 iterations. This has been the case here and other examples of 

this manual. 

Warning: Logl not converged means you should review the job. lf it was converging 

and jusi needs a few more iterations, you can rerun the job with the !CONTINUE 

qualifier and/or using the !MAXIT qualifier to request more iterations. Both are placed 
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on the data-file-name line. !CONTINUE causes the analysis to resume with the results 

from the most recent iteration. Putting say !MAXIT 20 íncreases the number of 

iterations from the default 1 O to 20. The -e command line option is equivalent to 

specifying !CONTINUE. lf the Logl ís erratic look for some explanation, símplify the 

model and rerun. 

Finished: OS Oc!: 1 ~.~9 ·;14 :" !?2:37.950 . ~og¡;, ConV"~J:?g~d' ,. 
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IV Spatial analysis using the AR1 x AR1 

The spatial modeling approach of Gilmour et al (1997) begins by fitting the AR1 x AR1 

error model and looking at the residuals and a variogram of them in a graph. The AR1 

x AR1 model fits the natural local variation well. The plot of residuals often reveals 

anomalous points and global trends in the data. Use the following ASREML program: 

Command file AR1AR1.AS for analyzing TRIAL 1.DAT using the AR1 x AR1 model: 

Alphá' láüoice· exarople'"' . 
rep 3 > 
blk 12"> 

~~L~~~Ú-····· 
var 1:6,-~:.::;. 
yld •. J}f:, . 

triall':ciát .. !.skip 
yrct - 'ffiU;;rvar -
1 2 . 

·- ~'-" 

This model does not include any random terms other than the residual. There are 

three lines on the end which define the structure of R, the covariance structure for the 

residuals. 1 2 indicates that the analysis is conducted for one site laid out in two 

dimensions. The next two lines define the two dimensions, associating them with the 

factors row and col and indicating that an AR model is to be fitted to both dimensions . 

The double occurrences of row and col have specific meanings. The first is used to 

declare the size of the dimension, i.e. how many rows (columns) are present and 

depends on the row (col) factor being declared as a factor with the corree! number of 

rows (columns). The actual number of rows (columns) could be inserted into the first 

position rather than referring to the factor. The second is used to control the arder of 

the records. ASREML needs to know the field arder. lf the second field is zero, the 

data is assumed presented with, in this case, columns nested within rows. Naming the 

respective row and column factors causes ASREML to sort the records so that there is 

no chance of confusion on this count. lt is therefore recommended that row/column 
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coding be included in the data and that they be used in this way to ensure the corree! 

field arder is assumed. 

The AR 1 0.1 coding indicates that a first arder autoregressive correlation structure 

with initial correlation value of 0.1 is required. The main alternative used in spatial 

modeling is the ID coding. Note that no parameter value is required for the identity in 

this context. 

Partial output file AR1AR1.ASR for TRIAL 1.DAT analyzed using the AR1 x AR1 model 

6 AR=AutoR 0.10 
8 AR=AutoR 0.10 

Forming 17 equations: 17 dense 
Initial updates wi11 be shrunk by factor 
NOTICE: 1 (more) sirigularities, 

• LogL=-229. 632 S2= O ,}.6929E+06 32 
LogL=-223. 070 S2= O .. }ll00E+06 . 32 
LogL=-221. 639 S2= O .::Í6032E+06 .... 32 
LogL=-221.490 52= 0.39375E+06 32 
LogL=-221.475 S2= 0.40786E+06 32 

. LogL=-221. 473 52= O •. ·41303E+06 . 32 
:-Final param~:ter values .z-· 

df 
df 
df 
df 
df 
df 

Source Mode1 terms Garruna 
Variance 48 32. l. 00000 
Residual AR=AutoR 6 o. 223765 
Residual ARC'AutoR 8 "0.754510 

Ana1ysis of Variance DF F-incr 
7 m u 1 46.79 
5 var 15 2 .. 63 

0.548 

L:OOO 0.10ÓO 0.1000 
1/óoo o.27B4 0.5ooo: .. 
1.000 0.2616 o. 6811 
1.000 0.2339 0.7321 
l. 000 o. 2271 0.7476 
1 .. 000 0.2246 0.7527 

1.()000 0.22376 0.75451 

Component "comp/SE % e 
413035. 2.78 o p 

/ 0.223765 0.79 o u 
0.754510 7. 67 o ·u 

F-adj StndErrD;Lff 
13.40 

2.•63 296.1 

We note first that the REML logl is -221.473, 2.01 higher than the -223.482 obtained 

from the complete block model, and 0.05 lower than (almos! the same as) the -221.417 

obtained with the incomplete block analysis with the same number of parameters. 

When conducting a spatial analysis with a two-dimensional structure to errors, 

ASREML generales two graphs of interest: 

o trellis plot of the residuals with marginal means. (Figure 1, left) where the marginal 

diamonds indicate the mean, minimum and maximum of the residuals in the row 

(right side) or column (top) and 

o the variogram of the residuals (Figure 1, right) where rows are plotted on the left 
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side and columns are on the right side . 

The variogram is a fundamental tool that guides us in improving the basic AR1 x AR1 

spatial model. However, there are no formal tests or procedures associated with these 

displays. We formally test terms suggested by these figures using likelihood ratio tests 

(for random effects) or approximate F tests (fixed effects) and limit our selves to terms 

for which there is a plausible biological basis. Common terms are strong (non­

stationary) trends across the experiment, edge effects and row/column effects probably 

induced by agronomic processes associated with conducting the trial (serpentine 

sowing or harvesting, unequal plot sizes, machinery effects) . 

Alpha lattice example Row/Column residuals 1 Alpha lattice example Variogram of residuals 1 

Figure 1 Trellis plot (left) and Variogram (right) of residuals from the AR1 x AR1 model 

produced by ASREML. Row distance is on the left axis, column distance is on the right 

axis . 

We first note from Fig 1 that there are no obvious points which might be outliers. Such 

points would stand out with huge diamonds in the margin pointing to them . 

Second, we note the variogram is quite smooth with strong effects which do no! have 

the typical AR1 x AR1 appearance. In particular residuals in !he same row have much 

less variation than residuals in !he same column. /.e. there are strong row effects. This 
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suggests there are non-stationary trends present. The trellis plot margins suggest that 

these might be strong curvatura associated with the row means of the residuals and 

weaker curvatura associated with the column means of residuals. The typical pattern if 

there was just autoregressive spatial variation is to have a generally f lat pattern except 

at low row and column lags. 

There are two approaches for fitting such curvature. The traditional approach ís to fit 

polynomials. Another approach is to use cubic smoothing splines. We prefer the latter 

because it ís a non-parametric curve. 8oth models fit the same linear component. 

They only differ in the way the curvatura component is fitted. An advantage of the 

spline model is that it allows for recovery of treatment information from the curvatura 

component because it is fitted as a random effect. The quadratic model does not 

provide such recovery because is fitted as a fixed effect. 

V. Spatial analysis using the AR1 x AR1 plus extensions 

Command file for analyzing TRIAL 1.DAT using the AR1 x AR1+pol(row,2) model: 

Alpha lat tice example 
r ep 3 
blk 12 
row 6 
col 8 
plot 48 
var 16 
yld 

trial l.dat !ski p 1 
yl d - mu var pol (r ow, - 2 ) 
1 2 
.row r ow ARl 0. 1 
col col ARl 0 . 1 

This analysis produces the trellis plot of the residuals in Fig. 2a and the variogram 

depicted in Fig. 2b. The F ratio for pol(row, -2) is 13.38 (P < 0.01) and it can be se en 

that the major non-stationarity along rows in Fig 1 has been removed in Fig 2a. The 

REML logl for this model is -203.69 (Table 1 ). However, the trend along the columns 

appears stronger now, because we have removed row effects, indicating we may also 
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need to fit pol(col,-2). The command file (not shown) for this model just includes 

poJ(col,-2) right after po/(row,-2) . 

Alpha lattice example Row/Column residuals 1 Alpha lattice example Row/Column residuals 1 

a 
~oo~=<e>=<é-"'@-s$e-

-===:::1 

e 

~ooooo<>o 

Alpha lattice example Variogram of residuals 1 
Alpha lattice example Variogram of residuals 1 

d 

Figure 2 Trellis plots (above) and variogram plots (below) for spatial models for: (a) 

and (b) ARl x ARl + pol (row, -2) and (e) and (d) ARl x ARl+ pol (row, - 2) 

+ pol (col, - 2) as fíxed terms in the model. 

The F ratio for pol(col,-2} is 5.01 (P<0.05) So, after adding a quadratic trend for both 

rows and columns the log-likelihood is -189.61. Note that the addition offíxed effects is 

tested by F-ratios and not be the comparison of log-likelihood values. Trellis plot and 

variogram of that modelare shown in Figs. 2c and 2d . 

A cubic smoothing spline is fitted in ASREML by including the terms lin(row) !r spl(row) . 

The lin(row) term is an alternativa to pol(row,-1) which does not centre or rescale the 
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variable fitted. The spl(row) term fits the curvature. The commands file for the final 

model is 

Alpha lattice example 
rep 3 
blk 12 
row 6 
col 8 
plot 48 
vár 19· 
yld . 

triall.dat lskip .¡ 
yld - rnu var lin(row) 
1 2 
row row: ARl ··o .1 
col col ARl 0.1 

lin (col) ! r spl(row) spl{col) 

Note that the terms spl(col) and spl(row) are written after Ir and thus are considerad as 

random effects. 

The plots from this modelare shown in Figure 3 and are very similar to those for the 

two dimensional polynomial model. 

Alpha lattice example Row/Column residuals 1 Alpha lattice example Variogram of residuals 1 

o6ooo~<>o 

~-=~= 

Figure 3 Trellis plot (left) and variogram plot (right) for spatial models with l in (rowJ 
lin (col ) ! r spl (row) spl (col) terms in the model 

Replacing the quadratic terms with cubic spline effects makes very little difference in 

this example. The cubic spline model may fit slightly better on the basis of the average 
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SED (278.4 for quadratic model, 27 4.6 for the cubic spline model) . 

In general, the modeling approach for spatial analysis of variety trials should be done 

trying, as much as possible, to include terms in the model that are related to an 

identifiable source of variation. Furthermore, modeling small data sets such as 

TRI AL 1. DAT, that has only 6 rows, should be done with caution in order to avoid 

overfitting. For small data sets to identify a parsimonious model is more important than 

to find a complex model. For this reason, for TRIAL 1.DAT we have fitted a much 

simpler model than those showed befare; this is model AR1 xAR1 +row (with random 

rows) that fits one more variance parameter (4) than the simple AR1xAR1 . A random 

row term after the AR1xAR1 seems to provide with a variogram of residuals (Figure 4) 

similar to those previously found and a decrease in the Log-likelihood value with 

respect to the AR 1 xAR 1 (T able 1 ). Thus, for TRIAL 1. DAT with only 6 rows the only 

justifiable model to use seems to be AR1xAR1 +row . 

.Upho l•ttice na:ple Rov(ColUIOll rtoíáuals 1 

~-B-0-0-·-G>·-~-~--~ 
---···------------ --------·----· <I> 

<1> 
<ti> 

<1> 

<i> 
<1> 

Alpha latti ce exaa¡Jle Vuio<¡ram of r<siduals 1 

Figure 4. Trellis plot (left) and variogram plot (right) for spatial models wíth random row 

term in the model 
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Results of the different models, their Log-likelihood values, error variances and SED 

are given in Table 1. 
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Table 1. Results for various models. In the linear model random terms are bold 

Linear model Error Log- Error Standard 

Mu + entry Variance likelihood variance error of 

Model difference 

ldxiD -232.13 424504 532.0 

+ rep ldxiD -223.48 206588 371.1 

+ rep + blk ldxiD -221.42 133293 326.5 

AR(1 )xAR{1) -221.47 413035 296.1 

+ row AR(1 )xAR(1) -220.07 171003 299.5 

+ pol(row,-2) AR(1 )xAR(1) -203.69 171946 292.3 

+ lín(row) + spl(row) AR(1 )xAR(1) -212.51 233964 293.6 

+ lin(row) + spl(row) ldxiD -213.91 148251 322.2 

+ pol(row,-2) + pol(col,-2) AR(1 )xAR(1 )) -189.61 126013 278.4 

+ lin(row) + lin(col) AR(1 )xAR(1 ) -211.56 405426 298.8 

+ lin(row) + lin(col} + spl(row) AR(1 )xAR(1 ) -208.90 172706 299.1 

+ lín(row) + lin(col) + spl(row) + AR(1 )xAR(1) -206.84 110718 274.6 

spl(col) 

+ lin(row) + lin(col) + spl(row) + ldxiD -207.52 110699 290.1 

spl(col) 

Figure 5 compares the adjusted means of the RIBO, AR1 x AR1 , AR1 x AR1 + pol(row,-

2)+pol(col,-2), AR1 x AR1 + lin(row) + lin(col) + spl(row) + spl(col) and Ar1 x Ar1+row 
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models. The greatest differences are between the adjusted means of the RIBD and the 

other models. Notíce that adding the extraneous model terms to the basic AR 1 x 

AR1 model has not greatly altered the adjusted means and that in this example the two­

way spline model gives very similar adjusted means to the two-way quadratic 

polynomial model. 

We conclude that there are highly significant row effects which are adequately fitted by 

including lin(row) !r spl(row) or possibly pol(row,2) in the model. Furthermore, there is 

a suggestion of column effects such that similar terms fitted to columns are significant 

(P<O.OS) and so probably should be included but will have little effect on the adjusted 

means. 

Once the row effects are in the model, the AR error correlations become non-significant 

and could be dropped. However, the estimated correlations are small and generally 

there is no loss in efficiency from leaving them in. 
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6.1.2 TRIAL 2 

1 Preparing the data file 

The second example is a variety tria! designed as a row-column design (Nguyen and 

Williams, 1993) with 64 varieties planted in two contiguous replicates laid out in 8 rows 

and 16 columns. Data are in file TRIAL2.DAT. 

First rows of the data file TRIAL2.DAT: 

rep 
1 
1 
1 
1 
1 
1 
1 

row 
1 
1 
1 
1 
1 
1 
1 

col 
1 
2 

.3 
4 

·5 
. ,6 

1 
-- -----·'.: 

variety 
5 

19 
55 
23 
27 
38 
64 

11 Analysis of the row-column design 

yield(t/ha) 
1.5318 
2.2211 
1.4589 
1.2436 
1.8989 
l. 3366 
1.8966 

The command file, RCD.AS, for analysis of the row-column design: 

Row-column exarnple 
rep 2 
row B 
col 16 
variety 64 
y 

TRIAL2.DAT !skip 1 
y - mu variety ! r- -rep rep. row rep. col 

The linear model used in the file RCD.AS considers variety as fixed effect and rep, 

rep.row and rep.col as random effects. 

42 

• • • • • • • • • • • • • • • • •• • • • • • • • • • • • • •• • • • • • 
~ 
~ 

• • • • • • • • • 



• • • • • • • • • • • • • • • • •• • • • • • • • • • • • • •• • • • • • • • • • • • • • • • • 

Output file RCD.ASR for TRIAL2.DAT analyzed as row-column design: 

ASREML [ 2 Sep 1999] Row-colum example 
28 Oct 1999 11:54:01.060 8.00 Mbyte· . C:\RCD.AS 
Univariate analysis of y 

Using 128 records [of 128 read from 128 lines of TRIAL2.DAT 
Model term Size Type 

1 rep 2 Factor· 
2 row 8 Factor 
3 col 16 Factor 

COL 
·.: 1' 

2 
3 

Min-imUm~- Mean 
.. . ' 1·· 

1 .. 

1 

1:5000 
. 4. 5000 

8.5000 

~·· ~ariety 6~ ~:~~~~e .~ .·. H 1s},.c 32;/~~~ 
6 mu 1 · Const.an;t· T€rm:-- _>:_'~~'-~->,:x--=-· ~ ,.-
7 rep. row 16 Interaction i'irep:'<" 2 

2 8 rep. col 32 Interactio~n _) ·:\.ép , _,_ _. 
Forming . '125 .· equations: 65 . d~Í1Se,:cr;.> 

•TniÚa1 updates will be shf'l.mk;:by.;faci:oi•:;·,; o:548 
'·"· ._._., ' ._·- • ,.-.<· ----··.: .. ·-_-··._: ·.:i-.:> .. -é·.'·".'•-'"''.::.,~>:::;:,--.,_,._,. __ <;.-·:-'- <.>·;. 

Maxirnum #zero 
2 o 
8 o 

16 o 
64 o 

4.783 o 

2 row 
3 col 

·'NOTICE: 34 (more) singulá'rities•;.:, < .. ·. ·' > ·· 
LogL=-31.9255 s2= o.4190.6 64idf; >o':'iooo •. o· .. 1ogo ·. o.1ooo 1.ooo 
F?gL';z:27.5664, •.. s2,. o,26}99,, f§,4~f jó(i7.~s,•• o.,31U 9,s2o2·· .ogo .. 

::·~s~t:=~; ;~m· . ;~:· ~~'Ui~~:,.·''}f1~ª*' 1,,g,~~~;j·.; @'~~B~ .. r l.~~;·... • 
1
: gg~ 

LogL,;-2S.53Ó2 S2= O.l7985 64'•Jf\\' 0.'9645 Ó.914S '1.218 1.000 
LogL=~25.5287 S2= 0.17960 64 df \'ii;Ü60 0.9l66' 1.2~9 1.000 

·:Final. parameter valUEis '" c,:,<",<:·f'r'o67l ·'·:.0, 91656.· ,l. 2188 l. 0000 

, ·source· -
rep 
rep.row 

· .: rep .-col· 
~ Yari"ance 

Analysis of Variance 
6 -rnu-

. 4 var;iety-

:'~!- -_ 

· M0del· ···::t~~h\~<~:áp~!itiif8~kna··i~C-
2 2 .h:o67IO . 

16 8,' o.•916555 
32 ? 32 ''i'".ú.:ZJii~s. 

12s. ,·64:: ... n .. ;ooo,oo 
- '.·::· );_~3~ . 

,: Córil.ponen t 
o .191650 
o .)64612 
0.218903 

. 0 .. 179598 

Finished: 28 Oct 1999 11:54:04.960 .ó1()'gL: C~nverged 

Comp/SE. 
0.55 
l. 52 
2.57 
3.78 

#miss 
o 
o 
o 
o 
o 

8 
16 

% e 
o p 
o p 

O·P 
o p 

The Log likelihood for this model is -25.5287 with an error variance of 0.179598 and a 

SED of 0.5227 . 

111 Spatial analysis using the AR1 x AR1 

Following the approach of Gilmour et al. (1997) the error model AR1 x AR1 is fitted and 

the trends of the residuals are examined in the trellis plots and variogram. The 

command file for this analysis: 
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.A.Rl X ARl 
rep 2 
row 8 
col 16 
variety 64 
y 

TRIAL2. DAT !skip 1 
y - rnu va.dety 
1 2 
row row ARl 0 . 1 
col col ARl 0.1 

The Log-likelihood value of the AR1 x AR1 model is -17.79 (Table 2) an increase of 

7. 7 4 with respect of the Log-likelihood of the row-column analysis despite the reduction 

in parameters. The SED, with respect to the row-column analysis decreases from 

0.523 to 0.443. The trellis plot of residual and variogram for the AR1 x AR1 analysis 

are in Figure 6. The smoothness of the variogram is indicativa of strong non-stationary 

trends. The shape is indicativa of a curved pattem for rows and a flatter pattem for 

columns. The trellis plot shows that both appear curvilinear. 

1\RI x AA! Row/Colu.n r<>~iduab 1 
AAl x JI.Rl Vuiogram o! re sidual$ i 

-- -
---~--------

Figure 6. Trellis plot (left) and varíogram (right) of resíduals from the AR1xAR1 model. 

Row distance is on the left axis, column distance is on the right axis. 

44 

• • • • • • • • • • • • • • • • •• • • • • • • • • • • • • •• • • • • • • ~ 
• • • • • • • • • 



• • • • • • • • • • • • • • • • •• • • • • • • • • • • • • •• • • • • • • • • • • • • • • • • 

IV Spatial analysis using the AR1 x AR1 plus extensions 

Our next model fits cubic smoothing splines to both rows and columns. Note that each 

spline, as implemented in ASREML requires two terms to be fitted: lin(row) and lin(col) 

as fixed terms, spl(row) and spl(col) as random terms. The spl() terms may be omitted 

to jusi fit a linear trend. Since this involves adding fixed terms, we test the linear terms 

using F-ratios and then the spl{) terms using likelihood changes (Table 2). We see a 

huge increase in the REML logl values going from the lin(r) + lin(c) model (REML logl=-

19.88) to the lin(r) + lin(c) + spl(row) + spl(col) model (REML logl=-9.24) and the F­

ratios for lin(row) and lin(col) in this final modelare huge (70.4 and 41.6 respectively) . 

The trellis plot and variogram from this spline model is acceptable (Figure 7) . 

Output of the AR1 x AR1 +lin(r) + lin(c)+spl(r) + spl(c): 
,;._·-' 

Forming 87 equations: 

Initial· upélates will. bi:~i~:f;~~t:;!~~bjl,~¡~~:¡~1·'l~: ·•NOTiéE: . ·. 1 (mor.e) 
'· LógL7~9. 23934 52= O .·.i.•1o¿.<· 

LogL=-9.23934 52= 0.14822 
Final parameter values 

~-S:'o_U:r~e>: _ 
's'p'l (row) 
sp1 (col) 
Vaiiance 

·''Resid~al 
· Ae~idu~:.;_,:.: 

Analysis of Variance 
y•:}10:, sp1( col.) . · 

'1i.k55~;;~r \r.o~)' 
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·i,oori o.94i3E-02 0.1151. 
1.000 0.9430E-02 0.1152 

1.0000 0.94340E-02 0.11516 

. Component· .· .. Comp_/SE % C 
·.0.192924 1.10 o p . 
0.175129E-01 0.99 O P 

StndErrDiff 

4.75 
0.04 

.0.51. 

o p 

o u 
o. u . 



AP.I AARI•e•ten:oioo:o Row/Colmm residu<>h 1 
1\.R l x.ARl +ext..c:msioo:s Variogra.m oC ~iduals 1 

~O;ft~;;??~~~<::Y 
~ o -===:> 

c:::::7 '="' - <:J 

[':. ~ -=---- /1 
~ cz;;:- """'" ---=:::::7 

Figure 7 . Trellis plot (left) and variogram (right) of residuals 
from model wi th lineal plus spline effects in row and column . 
Row di stance is on the left axis, column distance is on the 
right axis . 

Table 2. Results for various models. In the linear model, random terms are bold. 
Linear model Error REML Error Standard 
Mu + variety Variance Log- Variance Error of 

Model likelihood Difference 
+ rep + row + column ldxiD -25.53 0.18 0.523 

AR( 1 )xAR( 1 ) -17.79 0.62 0.443 

+ lin(r) + lin(c) AR(1 )xAR(1) -19.88 0.46 0.450 

+ lin(r) + lin(c) + spl(r) AR( 1 )xAR( 1 ) -17.45 0.30 0.441 

+ lin(r) + lin(c) + spl(r) + spl(c) AR(1 )xAR(1) -9.24 0.15 0.404 
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6.2 SPATIAL ANAL YSIS OF A VARIETY TRIAL WITHOUT REPLICA TES 

1 Preparing the data file 

A total of 280 varieties were planted in a rectangular array of 14 rows and 31 columns . 

There is one check variety planted in every 3'd column (1, 4, ... , 31 ). The data file name 

is UNREP.DAT and the first rows of !he data file are shown below. Columns are: check 

(1 = check entry, 2 = no check entry), entry, column, row and y/d . 

First rows ofthe data file UNREP. DA T: 

•check' éiWf:Y''·· · col"\ '·''rüw • Yld 
1 ·o 1 1 7.21504 

2 ·3 

2 

2 

2 1 5.13106 

:,i!Ji ··•··• .(1 ·'5'%97 6.4 8 
4,~r 1 ;;,;~2l36 
5 ..• . 1 4.86704 

.. '6 1 7-..70989 
-~- ,-.. , 

'i'i '., ;.,• 1 6':C10659 
· · ·rr~}. 1 7:"874 15 

1 7.89012 

'1¡§~91043 
r1: '6,,273 6 6 

1 5':44724 

11 Spatial analysis using the AR1 x AR1 model 

The fo/lowing /ines constitute !he ASREML command file for the initial spatial analysis . 

Command file UNREP.AS for analyzing UNREP.DAT using the AR1 x AR1 model: 

Un_i-ef>l i ca t:_~d 
clleck .. 2¡ 
eÍ'Ítry, 2BJ'i!I 

•'•Eói' •... ·····c·:x.:l':J'.·;;··;;;: •. ·h;¡CS\'.C:iS;""' ···•'hc.{[}h•!,; ·C!• .,;;,;:n•. / .•.•.. ;G.HV.!;c\ 
row 14· 
y1d 

urú:ep:dat f'.s.np 

.yld}~ t''"C.'J••\J; h)':'',':'.'',F;;oi;';{;'' ·· "i··•',i'.O'L''". , •. ·;, •1'J.Jd, 1''2' 
row row ARI' O. 1 
col .. col ARl. O. 1 
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In this model, the variety including check is considered a random effect. Some workers 

(for example Cullis et al., 1989) fit the difference between CHECK lines and TEST lines 

as a fixed effect. However, since the check line is so highly replicated, it is easier and 

almos! equivalen! to do as we have here. The two-dimensional AR1 x AR1 model for 

the residuals is specified in the last three lines. 

Output file UNREP.ASR for UNREP.DAT analyzed using the AR1 x AR1 model: 

ASREML [ 9 Aug 1999] Spatial analysis of an unreplicated field trial 
11 Aug 1999 10:27:19.230 32.00 Mbyte unrep 

Reading unrep. dat FREE FCÍRMAT skipping .1·· line 
Univariate. analysis.:of yld·. _ · 
Using ·:434 records [of·. 434 :read froÍn 434 lines of unrep.dat] 

Mddel terÍn Si ze Type COL Minimunl · Meari, Maxíffiurn #zero #nass 
1 check 2 Factor 1 1 l. 6452 2 o o 
2 entry 281 Factor 2 1 91.6452 281 o o 
3 col 31 Factor 3 1 16.0000 31 o o 
4 row :14 Factor 4 1 7. 5000 14 o o 
5 yld 1 Varia te 5 ··2 .115 6.340 9.333 o o 
6 mu 1 Constant Terrn 

14 AR=AutoR .0.10 
31 AR=AutoR .0.10 

Fórming 283 equations: ;z dense 
Initia1 updates will be shrunk by factor 0.548 
LogL=-237.568 S2= 1.0348 433 df 0.1000 1.000 0.1000 0.1000 
LogL=-225.231 S2= 0.81449 433 df 0.4252 1.000 0.8531E-01 0.2133E-

01 
LogL=-213.282 
LogL=-211. 827 
LogL=-211. 731 
LogL=-211. 725 
Final para~eter 

S2" 0.54989 
S2= o. 50149 
S2= 0.49989 
S2= 0.49944 
v~'Í;ues . 

433 df 
433 df 
433 df 
433 df 

1.405 1.000 
1.783 1.000 
l. 815 l. 000 
l. 824. l. OCJO 

l. 8262 LOÓO 

0.9564E-01 
0.1068 
o .1186 
o .1234 
0.12493 

-o .1001 
-.0.2064 
-o. 2359 
-"0.2414 
·~ .. 24263 

Source 
entry 
Va-~iance 

Ré.Sidual 
Residual 

Model terms Gamma Component Comp/SE % 
281 
434 

AR=AutoR 
AR=AutoR 

Analysis of Variance 
6 mu 

6 mu 

DF 
1 

Solution 

281 l. 82619 
433. 1.00000 

14" 0.124930 
31 -0.242635 

F-inc.r 
8329.18 

0.912075 
o,_499443· 
0.124930 

-0.242635 

F-adj StndErrDiff 
8329.18 

Standard Error T-value 

1 6.44048 0.705695E-01. 91.26 
·.:z.centry 

Finished: 11 Aug 1999 
<281 effécts fitted 

10:27:23.570 · LogL Cónverged · 
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A variogram of the residuals and trellis plots are shown in Figure 8. As in the case of 

the replicated trial, this AR1xAR1 model can be improved . 

Spatial analysis of an unreplicated field tria! Ro,./Colurnn residuals 1 patial analysis of an unreplicated field tria! Vori()(jram of residuals 

~~~04~~~~e~e~~~~~~e~~ ~G 
- --- -- ----- -- --- -- - ---- --- <!> 

~~~ 
~---~---~<<)) 
~~ ~4 

-=-----~~<) 
~~~~~--~~~------~$ 

~~~~~-~~-~-../-1 t 
~~=-------~~~~~---/-'~ 
~ -----~<!> 
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Figure 8. Trellis plot (left) and varíogram (ríght) of resíduals for the unreplícated data of 
the model AR1 xAR1. Row dístance ís on the left axís, column dístance ís on the ríght 
axís . 

Looking al the variogram, we see strong ridges associated with columns but they do 

not persist across the whole variogram. This indicates column effects which locally 

have a sawtooth pattern but not consistently. This is also indicated by the negative 

autocorrelation parameter associated with columns. Looking al the trellis plot (Figure 

8), we can see the sawtooth pattern does seem lo persist over all the columns. The 

columns containing the checks (every fourth) also stand out because they have bigger 

residuals (having true replication). We therefore add random column effects and fixed 

sawtooth effect to the model by changing the model line lo read 

yld ~ mu altcol !r entry col 

where altcol is a new covariate added lo the data which is 1 for odd columns and O for 

even columns. Sorne models are summarised in table 3 . 

Adding col to the initial model increased the Loglikelihood lo -201.4, a significan! 

increase of 10.3. Adding altcol lo the base model, altcol was significan! with an F ratio 
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of 38.3. Adding col to this model still improved the likel ihood significantly but altcol 

remains significant. 

Table 3 Summary of models fitted to unreplicated 

trial . All models fitted with AR1xAR1 error correlation. 

Random effects are in bold. 

Model REML 

loglikel ihood 

mu + entry -211.7 

+col -201.4 

+ altcol -199.5 

+ altcol +col -196.6 

This analysis assumes that entries are truly randomly distributed. In experiments 

where entries come from families and are laid out in the field in family blocks, then 

these column effects could be family effects. Thus, appropriate design is required for 

spatial analysis. 

Figure 9 show the variogram and residual plot after adjusting for AR1 xAR1 plus column 

effects. The variogram is fine. 
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Spatial analysis of an unreplicated field trial RQII/Colunm residuals 1 

0~<>7<>~.;-.,~~~.,~~()~()€>--+¿<> ¿(¡ 
~---=-~~=--~-~-=---""-- -- 4> 

~~~t 
~-~¡ 
--=-~--~-----~~~--Av 

~-----~i 
----~--r-~=-----~---~t 
~--~~--=--~--~--=--~---~~--~-"~ 

patÍi>l analysis of an unr~plicated field trial Variograrn of residuals 

Figure 9. Trellis plot (left) and variogram (right) of residuals for the unrep/icated data 

corresponding to the analysis ofthe model AR1xAR1 +col. Rows are on the right side 

and co/umns are on the left side . 

This is a reasonable model for this data. We note that that the residuals tend to be 

larger in the CHECK columns (1, 4, ... 31 ). This is because these are the replicated 

plots and so there is a good estimate of the mean, hence of the residuaL Second, we 

note thal column effecls which appear presenl would be beller eslimaled if check plots 

occurred in every column. For this reason, check plots are often run diagonally. These 

are design issues which need to be addressed . 
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Predicted values for checks and entries of UNREP.DAT as /isted in UNREP. SLN for the 

model with only col : 

The file UNREP.SLN contains the Best Linear Unbiased Predictors (BLUPs) for the 

entries including the CHECK line. The predicted mean is obtained by adding the mean 

(mu = 6.450) to the BLUPs. Thus for the check line (= Entry 0), the mean is 6.1368 = 

6.450- 0.3132. The adjusted mean for entry 1 is 5. 7349 compared with the unadjusted 

data value of 5.131. 

The mean appears at the beginning of the output followed by the yield effect of each 

entry, the column effects and lastly the 14 x 31 residuals. The las! column contains the 

standard error of the effects and, for the residuals, is the predicted value for that plot. 

In this case the predicted value involves the mean, entry effect and the column effect. 

Thus, adding the column 1 effect (0.3281) to the CHECK mean (6.1368) gives 6.465. 

m u 1 6 .. 450 O. 9592E-01 
~ntry o -o ·:~132 o .1436. 

-· entry 1 -0.7151 .. o. 5426 
entry 2 -0.4548 0.5426 
entry 3 -l. 077 0.5426 

•,•··· 

. . . 
entry 287 0.3728 0.5426 
entry 288 l. 756 0.5426 

,entry 289 -0.5668 0.5426 
-entry 290 -2,481 "0.5426 
col 1 0.3281 0.1610 
col 2 -0.1857 0.2230 
col 3 0.6567E-01· o. 2230 
col •4 -0.4431 0.1609 

col 26 -0.3041 0.2230 
col '27 0.3395. 0.2230 

·COl 28 -0.2862 0.1609 
col 29 0.6290E-01 0.2230 
col 30 -0.3247 0.2230 
col 31 o. 54 7 5 0.1610 

Residual 1 o. 7503 6.465 
Residual 2 -0.4180 5.549 
Residual 3 -0.8429E-01 6.061 
Residual 4 -o. 2722 5.694 
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Biplots of Linear-Bilinear Models for Studying Crossover 
Genotype X IEnvironmcnt lnteraction 

Jose Crossa,* Paul L. Cornclius, <llld Wcikni Yan 

ARSTRACT 
l.lnt•ar·hílincHr mocMs, suctt as lhc Shi(lcd Mullíplit•~tli,·c Modcl 

(SHMMI und Silc~ Regrc~sion M.,dcl (SRF.G), " '" e IK-cn w..cd In 
dc•·clllp duslcrin¡: prnccdurc~ ror findiP¡:~uh~·l~ nr ~jj~ (nr l'Uiti\·nrs) 
~ilhoul culliv:tr t:W~Il\N inlcru•·l ion (nnn·(;(U). Riplnts uf thcsc 
ut(>dt·l~ 11rc ~~._~rul rnr \ 'ÍMJ:tl cntlualinn or rullh·:~r response~ an<ll>S 
cm·irontttenl~ l 'hc maJo pllt'poloc~ olltti~ ~ludy ~ere In in• c:s liJ:ftk (i) 
SU F.G1 und SHMM1 biplots ~>ilh lhc fir~t tnulliplimti ... c n1mponcr11~ 
cnm1ruincd tu bt• nuo-<.:01 SRF.G1 •nd SHI\11\11 S<llulions. (ii) hm• 
l h~ hiplnb c11n be u•cd rnr idtnlir) inl! ~utw.c:b nr sil~ •nd c11 llivurs 
wint diiTcrcnl lcn:h M (;Cllnnd wiCh non-<.:01, and (íii) how llwsc 
biplnls curnp•uc with rcsull.~ uhlnincd whcn duslcrin¡¡nnl)' silcs ur 
•·ullivurs ~iHIIlul l'UIIivar nnk dum¡¡c. Trnn~fnrml'11 und unlrnn.~­
funm:d d11la fn>•l• h•n lltllllic n•·irotlllll:nt <"ullintr lrinls II'Crc usr.d 

• f~~r illu\lr:tll~tn. Blplo ls rrotn SHMM1 :111d S ltF.C;, modcls ¡truphiully 

•

diNplay thc intcnui inn ,.,trialinn duc lo lnw lc•·el (;01 or m•n-t:OI 
• lír~t mullipllmlin icrm) \'Cll>Ul> thc lnlcrnrllmt •11ri11tion duc lu COl 

(M'cund multiplica~th·c ternt l. Thl' hiplot~ uhlnincd by mcaruo uf lhc 
• nnn-<:01 fir..t tcrnt constmioed ~nlulinu nf lhe SRF.G, and SHMM1 

• 
mndct~ h11•·c l he santc inlcrprei11hilily llfHJ'<!rlil!.'> w. l hc ~landard 

hiplols nhht iucd hy mean~ nr lhc um'tln~lr~t incd s.tlulion. \Vith thc 
• UI>Cunl'lruin~.'d u11d con~1 r11ined ~ulu tion,,. it is pu~~iblc In idc111ify ,\"\Jll-

~cls uf silcs 1111d l'UIIi• ·:tfl' "ilh Ion ll'H'I t:OI 1111d nun-<:01. Ripl<liS 
• ha~<.od on unsl'ltlcd or Sl1tll-d dnlu pmdm~od ~hnll11r rcsull!>. GmuJ>s nf 

• 
~ilt:~ 11nd cu lli~llfl> whh lo1w ll'Vcl COl 11nd nun·CO I 10crc ~imillor lo 
thn~c fuu11d "hcn l!nly sitcs (or l'UIIinlflo) >U.'rc dustcrcd inln ll<m· 

8 (;01 ,;mups usin¡: che SHMJ\f und SRF.G duslcrin¡; npprmtdt. 

• • • • • • 

M \ll.rtf'l.tcA1'1VI\ Moom.s for multisite culti v<~r trials 
havc hccn uscd f(>r studyinggenotypc X cnviron­

rncnt itH~mction (GEl) and for dt:\'Chlpi ng ntcthods for 
cl ustcring si tes or cu ltivars into groups with ~ tatis tic¡¡Jiy 
ncgligihlc eros..,ovcr intcraction (COI) {Corncliu~ ct al. . 
19CJ2, 1993; Cross11 ct al., ltJ93, 1995. II.JlJií; Crossa and 
Cornclius, 1993, 1997; i\bdalla el al., llJ97). Multiplic<t­
tivc m()(Jcls havc an auditive (linear) componen! (i.c., e .ntcrcupt, mai n dft:cts of sit¡,:s 11 nd/or cultivars) and a 
mult.iplicn tívc (hilincar) componen!. (GEl) and thus ar\! 

8 also n:uncd Jíncar-hilincar modeb (Corndius and Scy· 
• ...:dsuc.lr, 1'>~7). Two typcs of lincar-hilincur modds are 

~ui tahlc for grouping sitc!> and cultivan; without cultivar 
• runk clwngc: thc shifted multiplieativc modcl (SHMM), 
8 y!} - 1~ + ~~-~ ~ >.,ex,, )';.~ + ~q , :~mi thc si tes rcgrcs!'ion 

modd (S REG), y¡¡, = ~1 + ~~ , >..~ n,;."(p. + e~. . whcrc 
• y"· Í!' the mean of thc it h cultivar in thc jth cnvironmem 

• • • • • • • • • • • 

J. ('rM~n. Biomclri~ and Stati ~lic.' l.lnl l . lnt~rn¡otiomtl Maiz¡; ami 
Whcnllmpruvcm~;nl O:nlcr (CIMMYT). l.i~hon 27. AJl<lo. Pu~lal f.­
Mi. llf>61ltl Mc.~ku I).F .. '''k~iC<l: I'.L. Curndiu~. lkp. nf A¡:ronlllllY 
and Der. of Stnlblit.'. Uní\•. ul' Kcntucky.l.~'xi n¡:tun. l\ Y 4!l.~41i·(~)') 1; 
W. Yan. Ocp. nf Planl Agricullllrt!, 1)niv, ••f (.iudph. (iudrh. ON . 
Canada N IC. i2\VI. Thc invcs!i¡;.ntion rcpurtcd in thí., papcr (i'Jo. lkl· 
0(>·100) rcl~tc~ lo a pmjcct tlr th.: Kctl(lll:ky Agric. f;xp. Stn. and 
i~ puhli~h.:d with apprnval nf lhc Dircr.111r. Rc('CÍ \'cd 9 ,\rl:~y 2!1lll. 
'Co1rrc.'l'""ding uullw r {j.cm,.,a\~'cgin r.<~rg} . 

l'or g cultívars and e sitcs (i ""'· l ,2, ... ~ ;,nd j = 1 ,2 ... 1! ) ; 

¡$ is thc shift paramctcr; IL¡ ís thc sitc mean: >-•(>-; ;;:: X2 

2 ... 2 A,) are scaling constants (singular valucs) tl1at 
a llow thc imposilion of orthonnnnality constraints on 
thc singular vcctors for cultivar~. l~~ - (u :~ .... ,llt~.). and 
si tes, y~ = ( y11 .... ;y,4 ) , su eh that L,lt~1 :: ":!::/vi~. = 1 <md 
~,l,,,o:,~. · : 'i.1-y1¡y1, · = O for k .J. k' ; u,\ <wd 'Y¡~., for l; = 
1 ,2,3, ... , are c<~llcd primary, secondury, reniary, ... , cffccts 
of ith cultivar and thc j th si tc, r.;!ipcctivcly; e,¡ ís thc 
residual error assumcd to he N lO (0. tr~/r) (whcrc cr 
i ~ thc poolcd error variancc and r is thc numhcr of 
replica tes}. Thc numhcr of hílincar t.crms 1 s rnín(g, e). 
Estimatcs of thc multiplicativc parmnetcr~ in lhc kth 
hili ncar tcnn llfC ohtaincd as thc lílh componcnt <lf thc 
singular valuc dccomposition (SVD) of thc dcviatiom 
from thc additívc part of thc model. ln the SHMM 
model. thc hilincar tcnns ahsorh thc cnvironmcntal <md 
gcnotypic mnin cff..:cts and thc GEl, whcrcas in the 
SREG modcl. only thc main cffcct~ of cultivan; plus thc 
GEl are ahsorlx<.l into the hilince1r tcrm~. 

lf SHMM and SREG moucl~ wilh <)nc multiplicativc 
cornponcnt (SHMM¡ anu SREGI) :\TC adcqnalc fo r fit· 
ting thc data (second, third. and highcr ordcr multiplica· 
tivc componcnts are negligihlc) ami primary cft'ccts of 
the ~i t cs, .Y;~. are cithcr all non-positivc or all non-ncga­
tivc, SHMM, and SREG1 prcdict non-COl. On thc con­
trary, if ~'¡1 are of uifferent signs, SHM M1 uml SREG 1 
modds predict COl. Morcovcr, thc non-CO l propi!rty 
of SHMM; an<l SREG! (whcn '(11 are l!ithcr all non-pos­
itive or all non-ncgativc) is a consequcncc of a prupnr­
tionalitv condition, i.c., cultiv11r diffcrcncc~ in anv une 
sitc aré proportional to thcir diffe rcnccs in any 'othcr 
site. 

In various clustering studics based on SHMM or 
SREO (Corndiu~ ct al., 19lJ2, 1993; Ct·o~sa and Corn.;:­
lius, 1~)1)7) , lhc mcasun: o f distam:c (i.c., dis:s imiladty) 
hetwccn a rair of si tes wa~ thc n.:sidual sum of squarcs 
(RSS) aftcr filling SHM M, or SREG, RSS(SHMM¡) 
m RSS(S REG; ), rc~pcctiv.:.:ly . Scycdsadr anu Cornc· 
li u~ ( 1 99~) provcd that if es R· RSS(SHMM,_1) = 
RSS(S REG, ,). Thus, for a suhscl of dat¡¡ containing 
•>nly two sir cs. RSS(SHMM1) = RSS(SREG1 ). lf thc 
rcsulting )',1 ha ve lhc S<~ me sign, RSS(SI-I MM1 ) is n non­
COl ~olution; hut if )'¡1 <~re of diffcrcnt signs, constraincd 
SH MM, and SREG! so!ut ions nccd to he compute<.! . 
CmssCI ct al. (1993). ín dustcring sitcs into groups with 
non-COl, uscd constraincd lcast ~q uarcs (LS) SHMM, 
~olutions for pairs of silcs nceding con~tre1incd solutions, 
hui Cornelius ct al. { 1993), in c!ush:ring cultivan; in1o 
groups wirh non-COI , uscd constraincd singulal' valuc 

,\hhre,·iul ion!.: SH:-.1YI , Shiftcd Multiplicalivc Moucl; SRE<.i, Sil.: 
R.:~rc~~¡,,.,s Mudd: GF.l. ¡;.cnotypc >: c nvimnmcnt inlcrnction; COl, 
cn-... ... lvcr imcr;u:tioll: 1~'\. lca"l M¡uarc~: S\11). siugulnr vnluc tkcofllJl<>· 
,,iriull . 
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Table L Grain-yield rank of nine (G1-G9) maize cultiYars at 20 test sites ('l'riall) and the standard enor of culth·ar means (SE) (kg 
ha- 1 ) at each site. 

Culth·or 2 3 4 5 • 7 8 9 

Gl 4 8 2 7 7 6 8 1 7 
G2 6 7 7 6 S 7 9 2 6 
G3 5 5 6 S 9 5 4 3 4 
G4 3 3 8 1 1 4 7 9 5 
(;5 8 6 1 3 3 2 2 8 2 
G<> 2 1 S 2 2 1 1 7 1 
G7 7 2 3 9 8 3 3 S 8 
G8 1 9 4 8 • 9 S 4 9 
G9 9 4 9 4 4 8 6 6 3 
SE 480 274 53K 251 324 328 ·'17 425 (.82 

decompositions (SVD) to ohtain SHMM, solutions. Thc 
constrained SVD solution will force onlv the most ex­
treme primary cffcct of a sitc (located ~~ lcft or right 
of thc graph) to be zcro, whcrcas thc constrained LS 
solution will assign a valuc of zcro to primary cffccts 
of as many sitcs as ncccssary to assurc that site primary 
effects are eithcr all non-negative or all non-positive. 

Biplots are uscful for summarizing and approximating 
pattcrns of response that exist in the original data (Ga­
briel, 1971, 1978). Yan et al. (2000) prcsented standard 
biplots of the SREG modcl that helped enhance its 
interprctation for selccting the best performing cultivars 
in suhscts of sitcs. The authors proposed (i) connecting 
the markcrs of the farthest ( most responsivc) cultivars 
in thc hiplot such that they are the corners (vertices) 
of an irregular polygon and (ii) for each side of the 
polygon, drawing a linc scgmcnt perpendicular to that 
sidc and passing through thc origin. Thcse Iinc scgments 
subdivide thc polygon into sectors involving different 
suhsets of sites and cultivars. The cultivar that is at 
the polygon corncr locatcd in onc sector is the bcst 
performcr (dueto largc positivc GEl) in sites with mark­
ers includcd in that sector, but it is the worst pcrformer 
(dueto large negativc GEl) in si tes with markcrs iocated 
in the opposite sector of thc biplot. The biplot from the 
SREG modcl shows that ideal cultivars should have 
largc primary effcct.s (high mean yicld) and ncar~zcro 
sccondary cffccts (more stable) and the ideal sites 
should have large primary effects (high power to dis­
criminate cultivars) and small secondary effects. Such 
properties tend to occur if the primm')' effects of culti­
vars are highly correlatcd with thc cultivar means (Yan 
et al., 2001 ). 

For SHMM1 and SREG, models, the biplot of the 
first two multiplicativc componcnts would represent the 
graph of the interaction variation due to non-COI (first 
multiplicativc term) (or proportionality of cultivar re­
sponse in sitcs) versus thc intcraction variation due to 
COI (second multiplicativc term) (or disproportionality 
of cultivar response in sites). This is accomplished if, 
and onlv if, thc scorcs of thc first singular vector for 
sites, '¡

1
,; are all of the samc sign. If '¡11 are of differcnt 

signs, a constrained solution for SHMM2 and SREG2 is 
required, such that thc first multiplicativc tenn should 
show a non-COI pattcrn. For SHMM,, this is simply 
obtained by constraining thc first multiplicative term hy 
thc standard constraincd SVD solution and using thc 
second multiplicative componen! of its SVD as the sec-

Site 

JO 11 12 13 14 JS 16 17 18 19 20 

2 7 8 S 7 S 8 7 8 9 7 
4 8 6 7 S 9 6 8 6 7 8 
7 6 4 6 6 6 4 6 7 3 3 
6 1 1 1 1 1 1 4 1 8 4 
9 4 2 .l 3 2 2 2 5 2 1 
3 3 5 2 2 3 3 1 2 4 2 
5 S 7 8 8 7 7 9 3 1 9 
1 9 9 9 9 8 9 3 9 6 6 
8 2 3 4 4 4 5 S 4 5 5 

141 487 .186 429 sso .l61 270 371 S67 1Zl 296 

ond multiplicative tcnn. For thc SREG model, thc SVD 
non-COI soiution is not that simple. 

Previous rescarch using the SHMM and SREG mod­
els lcd to the úcvclopment of clustering procedures for 
finding subscts of si tes with non-COl or subsets of culti­
vars with non-COI (Comclius ct al., 1992, 1993; Crossa 
et al., 1993, 1995, 1'1'16; Crossa and Comelius, 1993, 
1997). However, thesc proccdures do not simultane­
ously identify non-COl subscts of cultivar and sitcs. 
The main purposcs of this study wcre to invcstigate (i) 
SREG1 and SHMM2 biplots with the first multiplicative 
componcnts constraincd to be non-COI SREG1 and 
SHMM 1 solutions and to compare thcse with the biplot 
of Yan ct al. (2!XXJ) in cases where thc unconstraincd 
solution does not yield a non-COI solution, (ii) how thc 
biplots can he used for identifying subsets of sites and 
cultivars with diffcrent le veis of COI and with non-COI, 
and (iii) how thcsc biplots compare with results obtained 
when clustering only si tes or cultivars ""1thout cultivar 
rank change. 

MA TERIALS ANI> METHOI>S 

Experimental Data 

Tria! 1 

Thc data are thc samc as in Cornclius el aL (1992, Tab!c 
5), Cornclíus ct a!. ( 11}96! Tablc 2), and Crossa and Cornelius 
(1993, l'ig. 75-1) whcrc ninc (g ~ 9) C1MMYT maize (Zea 
mays L.) cultivars wcrc cvaluated in a randomized complete 
block dcsign with four (r = 4) rcplications at each of the 20 
(e = 20) intcrnational sitcs. Thc rank of thc cultivars in cach 
sitc and thc standard error of cultivar mcans at each sitc are 
shown in Tablc l. 

Trial 2 

This data sct involvcs 11 wintcr wheat (Triticum ae:stil•wn 
L) cultivars tcstcd in 26cnvironmcnts (year-site combinations 
during 1996-1998). cxtracted from thc Ontario winter wheat 
performance trial databasc maintained atthe Univ. of Guelph. 
Thc Ontario wintcr whcat performance trials are sponsored 
by thc Ontario Ministry of Agriculturc. Food and Rural Af­
fairs. thc Ontario Whcat Producers Marketing Board, and 
sponsors of the varictics to provide information to Ontario 
wheat growcrs about thc performance of the availablc winter 
whcat cultivars. The trials at thc various test sites wcrc in 
randomizcd complete block Jcsigns with four to six replica tes. 
but only thc cultivar X cnvironmcnt mean yield data of g = 
11 and e = 26 are availablc. The ranks of thc cultivars in each 
test cnvironmcnt are prcscntcd in Tablc 2. 
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Tallle 2 Gruin-yiekl ranks of JI (GI-G lt) "inrer nhelll ruUivars (Trúi12) 11t 26 lc.'lt silcs. 
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1 
2 
J 
4 
!i 
(; 
7 
K 
9 
10 
11 
IZ 
1l 
14 
15 
1& 
17 
1~ 
19 
211 

Gl 

3 
4 
1 

JO 
!i 
7 
6 
tí .. 
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Scaled Oata and Notation 

3 f! 
6 ¡; 
5 11 

10 11 

In hoth lJiaJs. thc non-COl unconstraincd and constra ined 
SVD and LS S R EG and SHMM solulion~ wcrc computcd on 
thc hasis of the unscaled values of thc ccll mcans (v,¡.) and o n 
thc basis of thc scaled data (x,¡} Thc scalcd d ata were com­
pulcd_Jl:~ in Crossa and Corncl ius ( IIJ97). lhllt is. _¡-~ = 
f./( 'J.~ilr). whcrc :.} is \he error variancc in thc j th si te and r 

ís thc ttumber o f repiicates. 
Thc notatio n used for the SREG1 and SI·!Mt\·12 analvses 

and thc corrcsponding biploL~ using unscalcd a nd scaled data 
and uncon~traincd and con~traincd :;olutions is a~ follnws: the 
fir.:a capital letler in parcnthcsis denotes thc type of data uscd 
(U "" Un!icalcd, S = scaled) and thc sccond capital lcttcr 
rcprcscnts t hc type o f solutíon applícd (U = unconstrained; 
e~, . ., = constrained SVD: C1.>+1 = constr;tincd U> SREG1 as 
lhc fir~t lcrm and with íhc scconct lcrm takcn a~ thc fi rst 
wmponcnt or thc SVD of rcsidu:1ls l'rorn thc SREG, con­

•• strainc~ LS solution). T hus, SRCG1(UIU) dct~otcs thc siles 
rcgrcss10n modcl on unscaled data and applymg ;an uncon-

• stntíned solution; SREG"(U/Csvo) d eno tes thc ~ ites regression 
m()dt'l on unscaled daia and applyíng a cnnslruined SVD snlu­
lion: SR EG2(S/U) denotes thc si tes rcgression modcl on scaled 
datu und using an WlConstraincd solulion: SREG2(S/C~,·o) de­
notes thc sitcs regrcssion model on scnled data and u~ing a 
constrained SVD solution : SREG2(SfCt.\ 11 ) denotes thc sites 
rcgrcssion model on ~calcd datJ.J ;md using a constrained LS 
solution. Sim ilar notation is used for t>iploL~ o f thc SHMM, 
rnodcl wherc oniy constrained SVD solutions are computed. 

• • • • • • • • • • • • • • • 

Constrained SVD Non-COl Solution 
for lht~ SHMM Mudcl 

Thc constraíncd SVD non-COl snlution ol' thc SHMM 
modcl for two or more cultivars is dcscrihcd in Cornclius e l 
al. ( l\193). and for two or more si tes, thcy are givcn in Crossa 
el aL ( 199S, 1996). Bricfly, thc matríx subjcctcd to SVD is 
Z - lz.-1 - lY•:. - ~}. Thc residual su mor ~qua res for SHMM1 
is RSS(SIIMM¡) = lfllcc(Z ' 7.. ) - L1• whcrc L, is thc iargcs l 
cigcnvaluc of Z ' Z. ro t his case. thc valuc or ~ is sclcctcd su eh 
that the smallest or tbe largcst Yp is ·t.ero. For a pair of sitcs, 1 

C11hivar 

G6 G7 G!l G9 GIO Gil 

JI) 4 2 7 1 9 
1) 7 6 2 3 1! 

10 5 J 6 (, 4 
4 3 11 1 2 7 
(Í -~ J 1) 2 8 
5 (i 9 1 2 J 

11 5 J 2 lf) 7 
11 9 3 4 2 ll 

1) 11) 5 6 7 K 
S 4 6 1 11 7 
!" 4 g 2 9 6 
K " .. 3 2 ') 

H 3 1 8 10 7 
7 2 5 j 9 .. 
9 1) 3 7 8 1 
2 5 " 9 10 1 
B 5 6 1 7 ., 
7 u fi 2 .. K 
4 J 2 fi 7 5 
8 (, 9 l u 5 

JO 11 11 1 6 2 
9 4 11 1 8 2 
2 6 JI 1 ]IJ 11 

10 .. 3 11 1 5 
9 3 1 K 1 2 
7 2 R 3 9 

and 2. and g c ultivar.;. thc closed-form SVD non-COl SH MM1 
solulínns for 8 a re givcn by 

~ = o.s{c-vl + Y2) ± [v.l + Ji.z?-
4~íJii2rl 

providcd thal 

4~ .¡;, -~·~ 
U·.~ + Y.zr - --<::::!_\:...!:.;_!:: > O. 

g 

!3oth wlut.ínns force Z ' Z to he d iagonal. Onc solution ha~ 
)' 11 = O and )'21 "' 1 and the other "Yn = 1 and )'11 = CJ. r:or 
~ithcr v¡lluc of ~, RSS(SHMM1 ) = trace(Z'Z ) - L1 reduces 
to the su m of squawd dcviations of the cult ivar means in the 
sitc with i\1, so t hat thc solution is \he one that gívcs thc 
minímum RSS(SHMM1) = minfí:,(Y1• - ~)1• }.;,Cvil - ~)9 . 

f or mort than two sitcs. thc SVD non-COJ S HMM1 solu­
lion dncs nol cxisl in closed form (Comcliul' e l a l. , 1993). Ir 
~it e m is sclcctcd 10 havc .Y.,1 = O. tbc constraint is ~1 '9"' 1 = 
~.&n(iir.._ - B) = O for which 

\' •. -
~ = "-'tetilY~ 

2:.ar: , 
which is itcrativcly computcd and where ct 11 is cstimatcd b y 
thc SVD o f 7... (1\otc that hcre Z also chaoges iterativcly.) 

Const rained SVD Non-COl Solution 
for the SREG Modcl 

ror thc constraíncd SVD non -COI solution for lhc SREG 
modcl, n sohrtion is rcquired such tha t Z = {Z1¡j = (y;¡ - ¡l; J 
has dcmc nls nf its first right singular vector a ll of thc s¡lmc 
sign (or 'l.cro). Thc proposc__d solulion to this problcm is to 
pul P.¡ ;:::: Y.¡. + 13 and chrK>SC r~ t<l sati~fy the rcquircd condition. 
Note that , aftc r ~hifting thc ¡11 valucs ( from Y.¡.). thc 11¡ should 
no longer he perecí ved as cst imatcs of sitc mcans. 

lf a constraincd solulion is nccdcd, thc .Y11 valucs in thc 
unconstraincd so!ution wil! contain both posit ivc a nd nc.gatívc 
vnlucs. Lct s- and S'" denote the su m of!iC!uares ofthc ncgativc 
and posítivc 111 values. rcspectivcly. Jf S- < S.,. . choosc thc 
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site with the most negat ive -y~ value to he thc sitc to havc its 
.y,, val u e rorccd to zcro in the constrained solut ion. Co n,·erse ly. 
if s- > s·. choose the sitc with the largcst positive .Y,, value 
to hai'C iL.; .Y11 "aluc fo rccd to 7cro. Suppoí'C thcsc rules lead 
to a Sitc 111 as thc si te so chosc n. i.c .. ~ will be eh osen to force 
8,., = O. Solutions for ~ are 

Derivlltion of th is rcsuh is given in A ppc ndix l. l tc ratc until 
thc valuc " f ~ converges. consistently choosing e it hcr thc 
pi'>Sitivc or ncgativc solution on every iterat ion. At conver­
gencc, the 4uantity under tbe radical in Eq. [ 1} is ncccssari ly 
positivc. In pract icc. to cnsure that the itcration actually gcts 
startcd. re place thc quantity under the rad ical with its aooolutc 
valuc if it is ncaativc. 

Typically, th~ ncgativc solution for ~ will make most of the 
&0 valucs of thc same sigo as thc non;;.ero '\'¡1 valucs. Thc 
positivc solut ion for ~ will have tbe o pposit c c ffect. Absolutc 
val u e~ of thc .Y;h and a lso of the )'¡.:. will be the ~ame for cí thcr 
solution. but th is will not hold for the éin or for thc étn. The 
singular valucs (~ ) and sc.quent ial sum o( squarcs wiJI be the 
same for cithcr solut ion. Prcd icted ,·alues (j1¡) will di ffcr. but 
cultivar differcnccs within any panicular site will be thc sarnc 
under cithcr solut ion. 

Constrained LS + 1 Non-COl Solution 
ror lhe SREG: Model 

1f thc y11 are lo be forced lo 7.ero for e1 sitcs in sct S, and 
lcf1 uncnnst raincd in the complemc-ntary se! S2 consis tíng ()r 
e2 "" e - e:, ~ itcs, the residual su m of sq u ares is 

"' ' "' () - )Z '<" L () . ' ~ . )2 ) ) l . - U · + ' ¡ ,. - 11 • - 1\• ('(¡¡"V .. 
-..,¡ ..-¿ '/• r-J LJ 'J· r-J 1 ZJl 

1 jCS¡ i js52 

(Cro~sa and Cornclíus, 1997). Bolh ter.ms in thís cxprcssio n 
are minimizcd hy putting 11; = y¡· with "-•· fcu, and y1, for si tes 
in set 51 obtaincd as the first componem of the SVD of thc 
g x e2 matri.x o f de,·iations of cell mcans írom site mcans. 
Ylf. - y1• in sct S1• 

In practicc, onc ma l;es a firstchoicc of a si lc, which wc will 
dcnntc as Si te k. to h a ve its "Y¡1 forced to zcro, i.c .. as a firsl 
choice for a site to be pul into set S1• This choice will he made 
as dcscrihcd fo r choosine. Site k for thc constra.incd SVD non­
COI solutio n. lf the -y,, for thc e - 1 sites rc maining in sct S2 

includcs valucs diffcring in sign. choosc a sccond sitc to ha ve 
its )'11 forced lo zero. Conlinue this proccs$ until thc SVD of 
sct S2 givcs thc rcmaining nonzero ~., all having thc samc sign. 

The fittcd non-COI SREGLS- a model is obtaincd by mcans 
of the non-COr LS SREG1 solution as the first multiplicativc 
term und thcn extracting a second multiplicative term as the 
fi rst componen! oí thc SVD of the matrix of deviations of the 
ccll mca ns from the no n-COI LS SREG1 solution. Vector5 of 
-y,, and )'11 values appcar to be orthogonaJ lo onc anothcr, but 
th is docs not hold for vcctors of &11 and lia values. 

SREG Model Using Mande)'s Solution 

Thc biplot ohtained from U1e SREG modcl with Mandcl's 
solution has bccn rccently suggested by Yan et al. (2001) and 
consist~ in plot ting. as primal)' effccl, Mandcl's solution for 
si te rcgrcssion and thc first principal coruponcnt extractcd from 
thc rcgrcsltíon dcviations as the secondary cffcct (SREGM+•)­
The SREG,.u-1 model is y;¡. = J.L¡ + biS• + ~,(4¡Sp + ~1 wherc 
b¡ is thc regrcssion coefficient of thc j th site o n the cultivar 

ma in cffccts (g,) and thc other tcrms defincd as in pre,·ious 
cases. Thi.c; equation is Mandcl's sitcs regression (Y;,. ::: J.L¡ ~ 
b¡;, + ~!¡¡.), plus one addi tional multiplicntive lerm (-'1a,,il11) 

estimated by subjecting thc matrix of dcviations from the 
Mande l"s regression modcl (Y,1_ - JI.¡ - b¡g1) to SVD. 

Biplot 

Diptots obta ined from lincar-bilinenr modcls, such as SHMM 
and SREG. are constructcd front !he SVD of the two-way 
table of dcviations of empírica! ccJJ mcnns [rom lcast square~ 
cstim¡lte~ of the additivc componcnL~ . O n a two-dime nsional 
Cartesian coordina te system. nwrkers for cultivars are plotted 
with primal)' cffect (scorc in fina multiplicative term) and 
secondary cffcct (sco rc in sccond multiplicativc term) as CINT· 

dina tes. A set or markcrs for sitcs i~ plollcd on thc samc 
figure, also Y.ith primary and sccondary effccts as coordinatcs. 

A fuU description of thc intcrpretation of thc biplots of 
multiplicativc modcls is gi,•cn in Gowcr and Hand (1996). 
Briefly, the cultivar and sitc scorcs are rcpresented as vectors 
in a t.wo-dimcnsional spacc. so ít is use fui to in t.crpret biploiS 
in terms o f d ircction~ of the vcctors a nd lheir projections. 
Cultivar and si te vecton; are dcfincd a~ vector.; from thc origin 
(0.0) to the cnd P')iot<; determincd by their mark.ers (scorcs). 
An ang.lc A< 90' orA > 270° hctwecn a cuft i,·ar vector and 
a si te vector indicatcs that thc cu ltivar had a positive respo nse 
at that sitc. A ncgative cu lt ivar rc~ponsc is indicated if 90" < 
e < 270". Note that in thc SREG model. thc interpretation 
of lhc biplot is with rcspect lo thc vari11tion for which main 
cffccL~ of cultivars (G) and thc GEl (G+ GEJ) account. 
whcrcas in the SHMM biplol, lhc interprc tat ion is on the 
dcviatjons from the !'.hift parame tc r. Performance of a cultivar 
in a site can be approximatcd by the orthogonal projcctíon 
of thc cultivar vector onto thc fine dctcrmined by thc dircction 
of the site vector; that is. if wc consider t hc line containing 
the si te vccior. the cultivar's response at lhat site is approxi­
mated by the length of the segmcnt ofth at líne ex lending from 
thc origin to the point wherc that line can be perpendicularly 
intersected bv a line drawn from the cultivar marker. 

The cosiné of thc angle hctwccn twu si te (or cultivar) vcc­
tors approximates the phcnotypic correlation of yield pcrfor­
manceof the two si tes (or cul tivars). An a nglc ofzero indica tes 
a oorrclation of + 1; an anglc o f 90' ( or - 91P). a oorrclation 
of O; a nd an angle of'l ~OC. a corrclation of - 1. Furthermoro, 
the cultivar swrcs for t hc first multip licutivc componen! of 
thc SREG model will usually be closcly associated wíth ihc 
c ultivar maín e ffects. 

The biplot methodology of Yan ct al. (2000) forms a polygon 
hy joining ibe most extreme cullivurs of thc biplot with linc 
scgmcnts, onc for each 5idc o f thc polygon d rawn from thc 
origin lo perpcndicuiar!y intcrsect lhat side of thc polygon. 
Thcse perpendic.ulars are fu rthcr extended sufficicntly far lo 
subdivide thc biplot into sectors so tha t each site marker and 
cach cuJti, ·ar marker is containcd within o ne (and only one) 
sector. Whe n a polygon can.not be formed becausc primary 
effects o( cultivars. as wcll as primary effects of sites. a re all 
of thc sa.mc sign. but the signs ror cultivan; are opposite to 
thosc for sitcs, one can still draw stra ight Iincs jo iniog thc 
rnost extreme cultivars to form a polygon. as well as lincs that 
pas:o; th rough thc origin a nd are perpendicular to thc sidcs of 
thc polygon. In many cases. pc rpcndicul.ar lines fwm the cen­
tcr of thc biplo·r are drawn. hut thc ir intcrscction falls on thc 
extension o f the síde of the polygon beyond the comer (vcrtcx) 
whcrc t.hc side cnds. 

Rescaling the Singular Vedor5 

f or thc graphical display o f thc biplots. it is advffiable to 
absorb the singular valucs o rthc firsl and second multiplicativc 

• • •• • • • • • • • • • • • • • •• • • • • • • • • • • • • •• • • • • • • <a> 
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componcnts. Á1 and Á1• into thc singular vcctors of si tes (')'1 

and ..Y2) and cultivars ( Ú'1 and ii2) in such a way that thc products 
of rescaled p1jmary and sccondary cffccts are cqual to thc 
contributions /·qéi, 1)'¡1 and Á1&¡2')<11 of thc fírst and sccond multi­
plicative components. rcspcctivcly. to thc predícted values of 
the attributc . 

Let the rescaled valucs of thc singular vcctors of cultivars 
and sites he O:f = A~ á 1 and i't = >.p-Al )'1• respectively. with 
O ~ A s l. Sclcct a valuc of ;L such that it will force thc 
rangc of valucs in thc singular vector for sitcs to be equalto 
the range of valucs in thc singular vector for cultivars. that 
is. max(&r) - min(&t) = max(Yt) - min(yn. Define C = 
max(&1)- min(&1) and D = max(Y1)- min(i'1) (whcrc max 
and min denote thc largest and smallcst clcmcnts of thc vec­
tor. respective! y). Thcn choose A such that C(~f} = D(~{-A) 
or eguivalcntl); . .\.ft-1 = DIC. Solving for A gives (2A - "1) 
log(l. 1) = log(D/C) and thcn 

11 = ![¡ + ¡log(D!Cl)J. 
2 lng(.\1) 

• and •• • • • • • • • • • • • 

(! _ l1) = ![J _ ¡log(D!C)¡·¡. 
2. log(.\1) . 

lf thc rangcs are thc samc, i.c., D = C. thcn A = (1 -A)= 
0.5. Value forA for rescaling thc vcctors in the sccond multipli­
cativc tcrm is computcd similar! y. 

llefining Levels of COI 

It is useful to classify subscts of sites and cultivars with 
diffcrent levels of COI. dcfincd in tcrms of how much rank 
disp!acemcnt has occurrcd in thc cpr. An order h-1 adjacem 
COI subset will be dcfincd as a subsct of e1 si tes and a subset 
of h cultivars such that thc ranks of this subsct of cultivars in 
the ranking of all cultivars in cach of the sitcs in the subsct 
is somc pcrmutation of thc intcgcrs r+ l. r+2 ..... r+h. with 
these pennutations not bcing thc samc at all si tes in thc subset. 
but with r bcing a constant intcgcr. O< r ~ g - h. The Jael 
of thc adjaccnt COI subsct will be dcfincd as thc maximum 
cultivar rank changc that occurs from onc si te to anothcr in 
thc subset. Our main intercst will be thc cases where r = O 
and h = 2 (or 3). which constitutc cases whcrc thc hcst two 

• (or threc) cultivars are thc samc two (or thrcc) cultivars in 

•• 
~vcry site in the suhsct. In othcr words. wc will be intcrcstcd 
n order 1 adjacenl COI and order 2 adjacent COI. 

• For our purposes in this papcr, an adjaccnt suhset will be 
considcrcd lmv le~·el if its order is :s:2. Thus, sincc the leve! 

• ofan adjaccnt COl subsct cannot cxcccd its ordcr, cases whcrc 
h = 2 or 3 are ncccssarily low leve/. In thc seque!. for brcvity 

• wc wíll drop thc word adjacem. and simply charactcrize such 

• 
subscts as low leve/ COl suhsets. Note that a lcvcl O mljacent 
COI subset cannot cxist. bccausc thcrc must be at least two 

• • • • • • • • • • • • 

cultivan; with rank changcs if more lhan onc pcnnutation of 
thc subsct ol' ranks cxists. Thus. only a non-COl subsct can 
be at leve] O with rcspcct to cultivar rank changes. In our 
usagc. for a subsct of cultivars to he adjacem, thc members 
of the subset must not only he ··adjacent" in cvery sitc. hut 
thcy also must be consislcntly adjoca/1. i.c .. r must be constan t. 
Whcn r is not constant but díllcrs from sitc to sitc, thc subset 
of cuitivars is inconsistcntly adjacent in thc subsct of sites. 
(An extreme case would be whcn thrcc cultivars are the threc 
best in sorne si tes and thc thrcc worst in othcr sitcs.) 

Software 
Unconstraincd and constraincd SVD non-COI SREG2 and 

SHMM2 solutions can be computcd by thc rORTRAN pro-

gram EIGAOV that can he run on a personal computcr. Thc 
constraincd LS+ 1 solution for SREG was obtaincd by im­
porting thc constrained non-COI LS SREG1 solution from 
EIGAOV into SAS/!ML (SAS lnstitutc. lnc .. 19R9) to com­
plete the computation. lnformation about thc use of thc EI­
GAOV programs can be obtained from thc sccond author. 

RESULTS ANO DISCUSSION 

Triall 

Standard errors of thc cultivar mcans rangcd from 
142 kg ha-1 (Site 10) to 722 kg ha-1 (Sitc 19) (Tahlc !). 
Thc Bartlctt's test rcjcctcd thc hypothcsis of homogc­
neous within site error variancc, and thc Shapiro-Wilk 
test for non-nonnalitv of rcsiduals at cach site indicatcd 
that the normality as~umption is acccptahlc foral! si tes . 
Cultivars G4, GS. and G6 had low leve! COl (ranked 
within the best thrce cultivars) in Sitcs 4, 5, ·13, 14, 
15, and 16. Similarly, thcrc was low-lcvcl COI hctwccn 
Cultivars G3 and G9 in Sitcs 2, 4, 7, 13, 14, 15, 16, and 
17 (Cultivars G3 and GY rankcd hctwecn 4th amlóth). 
Cultivars G l. G2, G7, and G~ rankcd among thc worst 
fivc cu!tivars in Si tes 4, 5, 9, 1 L, 12, 13, 14, 15, !6, and 
20. In Site l. thc hcst cultivar was GR. whcreas in Sitc 
8, the hes! cultivar was G 1, so Cultivars G8 and G l. in 
Sitcs 1 and 8 showed a high leve! COL 

Rankings of thc cultivar prcdictcd valucs in cach si te 
for SHMM, and SREG, modcls bascd on scalcd and 
unscaled data, and for thc diffcrcnt non-COl con­
strained solutions are prcsentcd in Tablcs Al ami A2 
(Appendix 2). 

Unconstrained and Constrained SREG, 
Solutions and Their Biplots 

For the unscalcd data and unconstraincd modcl, 
SREG,(U/U). thc F. test of Cornclius ct al. (1992), 
which assesses the significancc of thc residual variation 
after fitting thc first k - -¡ multiplicativc components) 
found no significan! residual(/' :5 0.05) aftcr fitting thc 
sccond multiplicativc componcnt, whcrcas thc Fc;111 test 
(Comelius et al., 1996) uscd for judging thc significancc 
of sequentially fittcd multiplicativc tcrms found threc 
significan! terms (/':o; 0.05). For SREG,(U/Csvo). thrcc 
and four significant tcrms wcrc found significant (P :S 

OJJS) by the FcHJ and F" tests, rcspectivcly. For tite scalcd 
data and unconstraincd modcl, SREG,(S/U), threc and 
four terms werc significan! (P :5 0.05) by thc Fmn and 
F, tests, respcctivcly, and for SREO,(S/Csvn), both tests 
found four significan! terms (!' :o; 0.05) . 

Thc biplot of thc SREG2 modcl, using unscalcd data, 
SREG,(U/U) (Fig, lA) shows that cultivars, bascd on 
thc sign of thcir primary cffccts (tY¡1), are dividcd into 
two groups. {GJ, G2, G3, G7, G8l vs. {G4. G5. G6. G9l. 
Sites, based on tite sign of thcir primary effccts (111 ), 

are divided into two groups { L 3, 8, 101 vs. {2, 4, 5, 6, 
7, 9. 11. 12, 13, 14, 15, 16, 17, 18,19, 201. Cultivars Gl, 
G2, G3, G7, and G8 ha ve a positive response in tcrms of 
their primary effccts and GEl al Si te 8 (thcir orthogonal 
projcctions onto thc line containing thc sitc vector are 
in the same direction as thc sitc vector) as opposcd to 
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Prímary effeds 
F'~g. 1. Triltl 1 biplo&s of: (A) SREG,(U/U) "' sites regression modcl on unscaled cblll lllld uncoostrained solution; ( R) SREG,tU/C~m) ' sites 

r~ression model on unscaled data and constrllined S VI) solution; (C) SREG,(SIU) = ~tes r~rC!Ssion modcl on ~calcd data and unconstrained 
solulion; (U) SREG1(S/C~,,.) = silc!; rc~rcs~ion modcl on S<'alcd dala and con~lraincd S\'0 solulion. 

the projection of Cultivars 04, G5, 06, and 09 that are 
located in thc oppo~itc sidc. 

Since t.he corrcla tion bctwccn thc primary cffccts of 
cultivars and thcir main cffccts is high (0.97), thc biplot 
can be uscd for cult ivar cvaluation with rcspcct to pcr­
fonnancc ability (a¡¡) and sta bility (aa) and sitc cvalua­
tion with respect to discrimination (.Y;1) a nd rcprcscnta­
tiveness ("Y1z) (Yan ct a l., 2CXll). In Fig. 1A, gcnotypc 
04 has thc largest primary effccl (high mean yícld) and 
ncar-zero sccondary cffcct (stablc across most sites), 
whereas Si tes 1 and 3 do not discrimina te cultivars well 
(relativcly small '911), and rclativcly Jargc '9¡2 values prc­
d ict Jargc G El , thl\t is, incon~istcncy of cultivar re­
sponses in Si Les l and 3 as comparcd with their responses 
in other sitc~. 

The polygon has scvcn vcrticcs locatcd at markers 
for Cultivars 01, 02, 07, 09, 04, 05, and 08. In the 
uppcr right sector of Fig. lA, Cultivar G4 had the best 
SREG! prcdictcd valucs at Sitcs 2, 4 througb 6, 9, 11 
through 14, 16, and 18 (Tablc 3), but it ranked among 

thc worst three cultivars (7th, 8th, and 9th ranks) in 
sites located in t he oppositc scctors containing Sites 1, 
3, 8, and lO (Table 3). On thc contntry, Cultivar G8 ís 
thc winner in Si tes J, 3, and 10 and the loscr in si tes 
located in thc oppositc S{.'Ctor, Sitcs 2, 4 t hrough 6, 9, 
11 through 14, l6, &md 18. Thus, Cul tivars G4 vs. G8 
and Sitcs 1, 3, 8 lmd 10 (with ncgativc primary cffccts) 
vs. Sites 2, 4 through 6, 9, ll through 14, 16, and lS 
(with positivc plimary cffects and located in oppositc 
sector of thc biplot} had a clcar COl pattcrn. Cultivars 
0 1 and GS are the winncr (1st rank) and loser (9th 
rank) in Si te 8, rcspcctivcly (Table 3). Similar patterns 
of COl can be obscn'cd for thc cultivar subsct 101 and 
02} vs. GS at Sitcs 7, 15, 17, 19, and 20 (wíth positivc 
primary cffccts) as comparcd to Site 8 (with ncgativc 
prima ry effects). T hc Sítc 8 markcr was located far away 
from the othcr sitc markers so tha t it can be considcn.:d 
very different from thc othcr sites. 

The ven ex cultivars locatcd in oppositc scctors of thc 
biplot, along with thc sites included in thosc sectors, 
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'l'ahlc 3. Crossovcr iotcraction suhscts of cultinrs and sites rcprescnted by thc winner (1st rank) and loscr (7th, 8th, and 9th ranks) 
culth·ars in spccific sites ba~cd on prcdicted ,·alues for each type of mod'CI-data-constmint comhination for Trial 1 data . 

Cuttinu 

G1 
G4 
G6 
G8 

G1 
G4 
G5 
GR 

Gl 
• G4 •• • Gl 

G4 

(;1 
G4 

G4 
GS 
G6 
GR 

Si1c.~ 1-\'hcrc cuJth·ar i~ 

Winncr Lm.cr 

------SREG,(U/Ult ------

2,4--6,9,Jt-14, u,,Js 
7,15,17,19,20 

2,4-7,9,11-20 
1,3,8,10 
8 

1.:~.10 2,4-(,,9,11-14.,16,JK 
------ SREG1(lJ/C~n1) ------
1_~,10 

4.5,11-13,15,18 
2,6,7,9,14.16,17,19,20 
8 

2,4-6,9,11-18 
1,3,1!,10 

2,4-7,9,ll-20 

---SREG,¡SIUi 

8 
2.4-7,1},)1-16,18,19 
17.20 

2,4-7,9,11-20 
1,3,8,10 
3,H,IO 

1,3,10 2,4-lt,9, 11-ll¡, 18 
------SREGz(S/Cwu) ------

1,3,8,10 
2.3,4,11-1.\15,1 ~ IK 
(i,7 ,9,14,17,19.20 

2,4--6,11-13,15-18,20 
1,3,8.10 

3,8,10 
1,2,4-7.9~11-20 

SREG!(U/CLH) ------
1,2,4,5,7,9,11,12,14-20 
J.H,IO 

------ SREG;(SlClHI) ------

1..3.8,10 
2.4-7.9.11-20 

2,4-5,7,9,11,12.14-20 
I..,,H,IO 

------SREG\I,¡(Ut ------
2,5.11,12.14,18 
_,,7.17,20 
4.,6, 9, 1.3,15, 16,19 
1,8,10 

1,3.K,10 

1.8.10 
2,4-7.9,11-20 

Cutih-ar 

G1 
G4 
Gb 
G8 

G1 
G4 
GS 
GR 
G9 

G1 
G4 
GS 

GJ 
G4 
GS 

Gl 
G4 
G5 

Site!'> nhcrc culti"·ar i~ 

Winncr 

3,8 
17,19 
2,4-7,9,11-16,1K.,20 
1,10 

Loser 

SKEG:~H!(S) 

1,4.5,7.11,14,15,17,19,20 
J,R,JO 
1,8,10 
2--4,6,7 .9, 11-1ti,18 

------SHMM,IU/U¡------
3,8 
2.4.5,7,9,11, 13.15-18,20 
6,12,14 
1,10 

2,4,5, 7' 9, 11,13,15-19 
1,3,8,10 
l. JO 
2,4-li,9,11-IS,20 

19 ,l,S 
------SHMM!(U/C~\D) ------

1,3,8,10 
2.4.5.7,9,U,I3,15-19 
6.12,14,20 

2,4,5,7,9,U,B,l5-20 
1.3,8,10 

------ SHMM,(S/U) ------
1,3.,8,10 
2,4 ... 'i,7,9,11-1.1.15-20 
6,14 

'2,4.,5,7.9.11-13.15-21} 
I,JJl,IO 

------SHMJ\1l(U/C.Ht------

1,3,H,IO 
2,4 .. "i,7,9,1 J,l.,, 15-19 
6,12,14,20 

2.4,5,7,9,11, U,IS-19 
1,3.8,10 • • • • • • • • • • • • 

t SRI~G~(U/U) = ~itc~ rcgre~~ion mndcl on un.,calcd data and uncon .. traioed ~olutiun; 
SIU:G!(U/C;v 11 ) = .<.ite~ regre~~on mndd nu un.<.caled data and constraincd SVD !'>Oiution; 
SltEG 1(S/Ul = .<.itc!> n.•grer.r.ion mudcl on !>caled data and uncon!>traincd 1.olution; 
SREG 1(S/C~,·D) = !tite!'> regre!>..,ion model un scaled data and con.<.tn:Jined SVU solution; 
SREG2(U/Cu.. 1 ) = Joite!'> rcwe .... ion model on un!>C:Uied data und conr.trained LS + 1 !>Oiution: 
SKEG1(S/C1.H1 ) = site!o regrc.<.sion modcl on r.calcd data and con!olr-dined l.S + 1 solution: 
SI{I~G\1+\(U) ~ .1\.'landci'!O !oÍtc~ rcgrcM.ion modcl on unr.c:dcd data and uncon!otrained .,olution: 
SKEG,1• 1(S) - Mandcl'!o .<.ite!o rcgrc!o!oion model on !>calcrl data and uncon!'>tr-dincrl Mllution; 
SHMM1(U/U) = .. hif-tcd multiplicuthc morlel on tm .. calcd duta and uncon!olrained !'>Oiution; 
SH!\1M1(UIC,\- 11 ) "" !»hirted muliiplicative modcl 011 UO!'>Calcd data nnd con~traíned S\'D !'ooluiion; 
SHMM:(SIU_I = !'ohifted multiplicathe modcl on !>ealed data and unroru.trained solution: 
SHMM1(U/C1 . .,_,_ 1 ) = shifted multiplicati,·e modcl on un!'>caled data and con!otrained LS + 1 !>Oiution . 

• aormed COl subsets of cultivars and sites. Detecting 
Wlow leve! COI and non-COI groups, however, does no! 

• rcquirc devciopment of !he polygon, but rather idcntifi-
• cation of subscts of cultivar and si te markcrs with thc 

samc dircctions. For cxample, in Fig 1/\, Cultivars G-4, 
• G5, and G6 are thc best thrcc pcrformers in Sitcs 4, 5, 

• 
7, 9, 11, 14 through 17, 19, and 20 (essentially the lower 
right quadrant) (Tablc 4), closciy followcd by Cultivar 

• G9; thcsc cultivars had projcctions onto thc positivc 
dircctions of site vcctors for thosc si tes, but thcy wcre 

• thc worst thrce cultivars in Sitc R; thcy projcct onto the 
• ncgativc dircctio~ (oppositc quadrant) of Sitc S.Thus, 

Cui!Ivars G4, G~, and G6 and S !tes 4, 5, 7, 9, 11, 14 
• through 17, 19, and 20 fmmcd a clcar low leve! COl 
• subsct. Othcr subscts of si tes with non-COI for all culti­

vars are Sitcs 2, 6, 12, 13, and 1 S ( uppcr righ t quadrant 
• of Fig. lA) and Sitcs 1 and 3 (lowcr lcft quadrant of 
• Fig. lA) (Table Al, Appcndix 2). 

ln general, the ranking of the SREG,(U/U) -prcdictcd 
• values of Table Al (Appendix 2) approximates thc 
• ranking of thc ohscn•cd valucs of Table 1, although 

• • • 

sorne distortions are noteworthy, c.g., the obscrved 
value of Cultivar G4 that ranked 3rd at Sitc L whcrcas 
its SREG,-prcdictcd value ranked 7th and Cultivar GS 
that rankcd 8th at Sitc 1, but its SREG,-prcdictcd vaiuc 
rankcd 2nd. This rcsult would suggcst that, becausc 
Sitc 1 has small cultivar diffcrcnccs, data from it will 
fit practically any multiplica ti ve model uscd, A similar 
statcment can he madc conccrning Site 7 vis-a-vis Culti­
vars G4 and G7. 

Thc biplot of the constraincd SREG, modcl using 
unscalcd data and SVD non-COl constraincd solution. 
SREG,(U/Csvol (Fig. LB), showcd Sites L 3, and 10 
with "¡11 > O and Sitc 8 \\ith '¡11 = O, Similar to thc 
SREG,( U/U) model, two groups of cultivars are formed 
{G 1, G2, G3, G7, G81 and \G4, G5, G6, G9\. Constraint 
of the first tcnn of SREG2 gavc all primarv effccts for 
cultivars with ncgativc valucs and all primary effccts for 
sitcs with non-negativc valucs (zcro for Sitc K). Thc 
lower dispcrsion of thc points in this biplot reflccts thc 
lowcr variability cxplaincd by thc constrained solution 
as comparcd with that obtaincd by thc unconstraincd 
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Tuhlc 4. l.ow lucl crossover intcraction (COI) and non-COl suh· 
sets of cultivars and sitcs bascd. on prcdicted \'alues for e.acb 
t~·pe of model-data-constraint combination for Trial t data. 

Sitc!o whcrc lhe cultivar.. bal-·e 
Cultil·ar low lnel COl or non-COl 

-------- -- ·----
SREG1( lJ/U )t 

G4,G5,G6 4.5,7 ,9.11,14--1 7.19.20 
G4,G6.G9 2,6,12.13,18 
G5,(;6,GH 1.' 

-- -- SREG1(U/C,~o) 

G4,G5,G6 2,4-7,9,ll-20 
Gt,G3 1,3~10 

SREG:(S/F) 

G4,G5.G6 2,~5,7,9, 11-20 
GJ,G2.GS 3,10 

SREG1(S/Csl·u) 
G4,GS,G6 2,4-7,9,1.1-20 
GI,G3,G6 1.l 
Gl,GZ,GH 8.10 

SREG¡(U/CLs+L) 

G4,G5,G6 1,2,4-7,9,11-20 
G1,G2,G3 3,8,10 

SREG¡(S/Ct.,+L) 

C4,G5,G6 2,4-7,9,11-20 
GI.G2.G3 1.3,8,10 

SH.EGM,¡(U) 

G4.G5.G6 4,6. 7,9.B-17,19.20 
G1.G8 1,8,10 
G4,G6,G9 2,5,11,12,18 

SH:EG,lti(S) 

G4.GS,G6 2,4-7,9,11-20 

SHMM1(U/U) 

G4.GS,G6 2,4-6.,9,11-18.20 
GJ,(;l 3,8 

SHI\1M!(lJ/Cwu) 

G4.G5,G6 2~4-7,9.1 J-18.20 
G1.G2,G3 1,3,10 

SHMM,(S/U) 
G4.G5.G6 2,4-7,9~11-20 
G1.G2 1.3,10 

SHMM:( UICv .... ,) 

G4,G5,Gb 2.4-7.9.11-20 
G1.GZ,G3 1.3 
G1,(;2 8,10 

t SREG:(U/U) -~ !>Ítc~ rcgrc!<>!oion modcl on un!l.calcd data and uncon­
"trllincrl !.olution; 

SltEG:(U/C~, 0 ) = ¡,ite~ rcgrc!'>sion model on um.calcd data und con­
~trained svn !.Oiution; 

SREG!(S/U) = sitcro regro!.ion model on !.Caled data und uncon­
"traincd !oolution: 

SIU:G~(S/C~Hl) = l>itc!<l rcgrc!osion model un scaled data and constrdincd 
S\'D !<.olution; 

SIU~GJ(U/CL>+d - sitcs rcgrc~sion modcl on un!>calcd data ~md con­
l>traincd LS + 1 solutinn; 

SKEG2(S/Cl,+l) = 1>itcs rcgm.sion modcl on !>c.aled data and ronstraincd 
LS + 1 !>Oiution; 

SRI<~G'Ill(U) = Mundel'!. !oitc¡, rcgrt.~~ion model on um.calcrl data ami 
uncon!.traincd !oolutioo; 

SREG\Hl(S) =o MandeJ'¡, ¡,itclo regrc~Joion model on ¡,caled data and un­
coostmined Mllution; 

SHMM:(U/U) =- .~ohifted mu.ltiplicath·e model on un!>C&Ied data aod un­
constrained solution; 

SHMM¡(U/Cwu) = shif1cd muJtiplicath·c modcl ou unscalcd data and 
coru.trnined SVU solutiou; 

SH!\1M1(SIU) = !ohifted multiplicathc model oo Jocalcd data and uncon­
!>tr~ioed !>olution; 

SHMM1(U/C15 . ._z) ""' shiftcd multiplicat.h-e model on UJI!oealed data and 
construined LS + 1 !>Oiutiou. 

solution. Although a polygon that contains thc plot ori­
gin (0, O) cannot be drawn. thc propertics of thc biplot 
rcmained the same as those givcn for the biplot obtained 

with the unconstrained solution. Figure lB prcdicts COl 
for Cultivars OJ and 04 at Sites 1, 3, and JO as com­
pared to Sitcs 4, 5, 11 through 13, 15, and IR (Tahlc 3). 
Similarly, COI is found betwccn Cultivan; 06 and 08 
in Si tes 2, 6, 7, 9, 14, and 16 through 20 as comparcd 
with Sitc 8. Thc Site 8 markcr is far away from the 
others in the biplot; thc constraincd solution scts its 
primary cffccts equal to zero, and 50°/t) of thc variation 
explained by the second multiplicative componen! is 
due tocultivardifferenccs within Sitc 8. Thc linc perpen­
dicular to thc scgment joining Cultivars 01 and 06 
separatcs the two non-COI groups of si tes and cultivars. 
Onc Jow ordcr COl suhsct compriscs Cultivars 04, 05, 
and 06 and all sitcs exccpt Sitcs 1, 3, 8, and 10 (note 
that Cultivar 09 ranked fourth in most of these si tes) 
(Tahlc 4). ¡\ non-COI group includes Cultivars OJ and 
03 and Sitcs 1, 3, and 10 (Tahle 4). 

For thc unconstraincd SREG2 model using scaled 
data, SREOz(S/U), the biplot (Fig. 1C) gave results simi­
lar to those found for SRE02(UIU). In the right sector, 
Cultivar 04 had the best SRE02 predicted valucs at 
Si tes 2, 4 through 7, 9, 11 through 16, 18, and 19 (Tablc 
3), but it rankcd among thc worst thrcc cultivars (7th, 
8th, and 9th ranks) in si tes located in the opposite sec­
tors, Sites 1, 3, 8, and JO (Table 3). On the contrary, 
Cultivar 08 is the winncr in Sites 1, 3, and lO and the 
Joser in sites locatcd in the oppositc sector, Si tes 2, 4 
through 6, 9, 11 through 16, and 18. Thus, Cultivars 04 
and 08 show COl at Si tes 2, 4 through 6, 9, 11 through 
16, and 18 (with positive primary effects) as comparcd 
to Si tes 1, 3, and lO (with negative primary cffects). On 
the other hand, Cultivars 04, 05, and 06 and Si tes 2, 
4, 5, 7, 9, and ll through 20 represen! a low leve) COI 
group (Table 4); these cultivars with Sites 3, 8, and JO 
fonncd a non-COl group but in thc negativc dircction 
(poor yield response). Also, Cultivars 01, 02, and 08 
and Sites 3 and 10 formed a non-COI group. 

Thc biplot of thc SRE02(S/Csvo) (Fig. lD) is similar 
to the SRE02(U/Csvo) hiplot. Cultivars O 1 vs. 04 and 
Si tes 2, 4, 5, 1 1 through 13, 15, 16, and 18 vs. Si tes 1, 3, 
8, and 1 O formed a COI group (Table 3). Cultivars 04, 
05, and 06 were the three best ranking cultivars in all 
sites except Si tes 1, 3, 8, and 10, and thus formed a low 
leve! COI subset. Cultivars O l, 03, and 06 in Si tes 1 
and 3 and also Cultivars GJ and 08 in Sites 8 and LO 
(Table 4) formed a non-COI group. Si te 8 is vcry distinct 
from the others and explained 51% of the sccond tenn 
variahility (data not shown). Biplot of the constrained 
non-COI solution showed less dispersion of points hut 
interpretation similar to the biplots obtained from un­
constrained solutions. 

Constrained LS+l SREG2 Solulion and its Bip1ot.ln 
thc biplot of the LS+ 1 constrained SRE02 model using 
unscaled data, SRE02(U/CLs+,) (Fig. 2A) produced a 
polygon that is a triangle in which Cultivars 01 and 04 
have a COI in Sites 3, 8, and 10 as compared to the rest 
of the sites (Table 3). Most of the variation describcd 
by thc sccond componen! (80%) is dueto cultivar differ­
ences within Si te 8. Sites 1, 3, and 10 are located toward 
the ccnter of the biplot and thus cultivar diffcrcnccs at 
those sites are small. Cultivars, based on thc sign of a¡¡, 
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fiJ!. 2. Tri al 1 biplols or: (.\~ S RF.G1(U/C1,1+, ) = sitcs regr('ssion modcl on unscall'd dahl anda ~1>nslluincd LS solulion; (B~ SREG1(S/C1~ .1 } = 

si,es fCltJ'CSsion modcl on >~'lllcd dala and ('OOSlraincd t S solulion: (C} SRF:G" 11 (U) - ll>hndel's si les rcgression mod('l o o uns.:aled dala 
and unoonsll'llined solulinn: (J)) SREG,..,(S) = J\tandcl'~ siles rcgrcssion modcl on scalcd d.du and unconsfrnincd solufion . 

• lifC divided into two groups, {Gl , G2, G3, 07, GSI vs. 

• 
.JG4, G5, G6, 091. Sitcs 1, 3, H, and l O have .Y;; = O. 
-ultivars G4, 05, G6, and G9 in all sitcs, cxccpt Sitcs 

• 3, 8, and 10, fom1cd a clcar low lcvcl COl suhset and 

• 
C:ultivars G 1, 02, 0 3, 0 7, and GR in Sitcs 3, 8, and 1 O 
(Table 4) fm mcd a non-COl subsct. Very similar COI 

• subscts of cultivars ami sites are found. for the biplot 
on the scalcd data, SREG2(S/Cts;.1 ) (Ftg. 2B), exccpt 

• that now Cultivar 8 rankcd fourth in Si tes 1, 3, R, and 
• 1 O and that for Si te .l t.hc bcst thrcc cultivan; were G 1, 

G2, and 03. 
• 1 n t1Iis constraincd solution. thc first and sccond sin-
• guiar vectors for sitcs are orth.ogonal to cach other, but 

thc singular vcctors forcultivars sccm to ha ve a negativc 
• linear association, rctlccting thc strong COl involving 
• Sitc S and, to a lesscr cxtent, 3 and JO versus the rcst 

with rcspcct to thc complete prcdictive rank reversa! 
• of cultivar scl<; 101, 0 2, G3, 11nd G7J vs. IG4, G5, Gó, 
• antl G91. 

SREG Mude! Using Mandel'sSulution and its Biplot. 
• Rccently, Yan ct al. (2001) showcd tha t thc hiplots from 
• thc SREG modelusing thc Mande! solution (SREO~H1) 

• • • 

and thc s lam.lard SREG~ rnodc1 gave simila r winning 
cultivars as well as GEl intcraction pattems. Thc advan­
tagc of the SREG}1.;.1 bíplot is that !he first component 
indicates mean yicld and thc sccond componcnt stabil­
ily; for thc SREGz model, this is so only if thc first 
hilincar componc nt is highly correlatcd -.ví th thc cultivar 
maín cffccts. 

Thc biplot of the SREO~w model using unscaled 
data. SREG~H1(U) (Fig. 2C) showcd the samc split of 
cultivars and sitcs lhat was previously found, that is, 
lGI , 02, G3, G7, G8l vs. 104, G5, 06, G91 and sitcs 
ll, 3, 8, lOJ vs. thc res t. A polygon with six vcrticcs G.l, 
05, 06, G4, G9, and GR (countcr-clockw:ise around thc 
polygon) is fonncd \\>ith Cultivars G4 and GS at oppositc 
sectors having COI in Sitcs 1, 8, and 10 as compared 
with Si tes 2, 5, 1.1 , J2, J 4, and 18 (Table 3). Cultivan; 
04, 0 5 and Gó had thc bcst thrce predictcd values in 
Si tes 4, 6, 7, 9, 13 through L 7, 19, and 20 (locatcd toward 
thc lower right quadrant of the biplot) and thus formcd 
a low lcvel CO l group (Tablc 4). Cultivars GL and G8 
are lhc bcst two in Sitcs .1 , 8, and .lO and formcd a non­
COl group (Tablc 4 and Appendix 2 Table A 1 ) . Si tes 



628 CROP SC'll.:NCf.. VOL 42. MARCH-AI'IUL :!00~ 

. won 1 

V~ 3 

~ 10 

·------.-..----.------..--~- -.--. --- ~ 

-20 o 20 40 60 100 80 

-3 ~~-8-~-,---
0 4 4 6 

Primery effects Primary effects 

40 ' 
~ B. SHMM,(UICcvol 

' ., 

12 

.40 • -40 

o 30 60 90 120 o 30 60 

Primary effects Primary etfects 

¡ l 
, Gofwon • 
L .J 

' ' 
G8 d1 

Q• 

~ 
09 pa 

: 
' l 

1 

; 
' 

l-o;~~<J 
8 

1 G4won 

09 

. ' 
' ' 07 : 

' ' 

10 

' / 

?"! 
' ' 

d6 ¡ 
hs · 

: 

GJ' i 

02/ .. r<i"~- ~ ¡ 

90 120 

Fig. ,?.. Triull bipiOis or: (A) SHMM1(U/U) ~ ~hiftcd mullipliolt.ive ntod<'IIIR un.~caled data and unconstrnined snlution; (8) SHMM1U/C"·.,) = 
shirled mulliplk.ath·e tnodel on un~c:lled data und a conNfralned SVJ) solulion; (C) SHMM:(S/U) = sh.irled multiplirnli\'<' model on S("l)(cd 
dala and uocon.~tra.inl!d solution; (0) SH.MM2(U/CL,., ., = sh.ifled mulfipllcathe modt'l on unscalcd duta and a ronstta.ined LS solut.ion. 

2, 5, ll, 12, and 18 had vcry simjlar cultivar ranking 
and gavc Cultivars 04, 06 and 09 as thc best thrce 
pertonncrs and thus formed a low lcvcl COl group. 

The biplot of thc SREG~111 model using scalcd data 
SREGM_,.1(S) (Fig. 20) showcd a COI paltern betwccn 
Cultivan; 08 and 06 in Si tes l and 1 O as comparcd to 
Sitcs 2, 4, 6, 7, 9, 11 through 16, 18 (Table 3}. Similar 
to the SREO~t+¡(U) case, Cultivars 04, 05, and 06 had 
the bcst thrce prcdictcd values in Sitcs 2, 4 through 7, 
9, 11 through 20 and, thus, f01mcd a clcar low levcl COl 
group (Tablc 4). 

Unconstrained and Constrained SHMM1 
and Their Biplots 

For thc SHMJ\12(U/U) llnd SHMM2(U/Cs,'D), the FR 
and Fctt1 tests found that thc first threc rnultiplicative 
componcnts were signif1c:mt (f> :5 O.OS). For SHMM,­
(SIU), thc FR and FcH1 tests found that the first thrcc 
and four multíplicative components were significant 
(P $ 0.05), rcspcctively. Sincc a JI primary cffccts of si tes 
for SHMM2(S/U) model wcre of the samc sign, biplots 

with non-COI constrained SHMM2 solutions for this 
model wcrc not requircd. Thc biplot of the SHMM¡­
(UIU) (Fig. 3A) modcl hada subset of sitcs 11, 7, 8, 10, 
and 191 with ncgativc valucs of sitc primary effccts, 
whilc thc rcst of thc sitcs had positivc valucs. 1\11 culti­
van; had positive <tnd higb values for thcir prima1-y cf­
fccts. Thc sccondary cffects of cultivars scparated thcm 
into two groups IGI , 02, 03, G7, and 081 vs. {04, 
05, G6, !lnd G9j. This subdivision of cultivars was also 
obtaíned for SHMM1(U/Csvo) (Fíg. 38), SHMM2(S/U) 
(Fig. 3C), and SHMM1(U/CLS•1) (Fig. 30). 

All the biplots of the SHMMz model indicated a COI 
pattcm bctween most distant cultivars in thc biplot, G 1 
;~nd G4 in Sitcs 1, 3, 8, and lO ;~s comparcd to Sitcs 2. 
4, 5. 7, 9, 11, 13, 15 Lhrough 19 (Tablc 3). Low lcvcl 
COI and non-COI pattems bctwccn cultivars and sitcs 
that are locatcd toward the uppcr region of all SHMM2 
biplots, as comparcd to those si tes and cultivan; locatcd 
in the lowcr region, can be idcntified. For example, in 
all thc biplots, Cultivars G4, G5, and G6 ranked within 
the best thrce predictcd performcrs in Sitcs 2, 4 through 

• • • • • • • • • • • • • • • .: 
• • • • • • • • • • • • •• • • • • • • • • • • • • • • • • 
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.-ars ofTrial 1 usill¡! cmpiric-.tl ccllmeans as inpul dula . 

• 6, 9,11 through 18, and 20 (in most of thcsc si tes Cultivar 
• 09 rankcd fourth) and thus formcd a low-lcvcl cor 

group (Tablc 4 and Appcndix 2 Tablc A2). Note that 
•• his paltcrn is also found in Sítc 7 if thc method is 

• 
SH~!M2\UICw!>), SHMMz(S/U) or SHMM~(U/CLS+I), 
and m S1tc 19 1f thc mcthod 1s SHMM~(S/U). 

• Cultivar G l is chosc n by SHMM1(U/Csvo), SHtvlM1-

• 
(SfU), and SHMM2( U/CLst:) as bcst in Si tes l., 3, 8, and 
10 and Cultiva1-s G 1, G2, and G3 are found as a low 

• leve! ~01 .group in Sitcs .1 , 3, :md lO by SH~Mz~U/ 

• 
Csv11), 111 S1tcs 3 and 10 t>y SHMM2(S/U), and m S1tcs 
J and 3 hy SHMM2(U/Ct.s t! ). Also, all thc SHMM2 

• bipluts indicatcd that Sitc S is vcry diffc rcnt from thc 
others. lt is apparent that thc constraincd SHMM1 sol u-

• tions do not affcct thc intcrprctability of thc biplots for 
• finding COI and non-COl groups of cultivars t~nd si les. 

• • • • • • • • 

Clustering of Sites or Cultivan into Groups 
with Non-COI 

Jt is uscful to invcstigatc thc clustcring of sitcs (or 
cultivars) into non-COl suhscts. This was done by means 
of the SREG1 modcl and lhc clustcring stralcgy pro­
posed by Crossa ct al. ( 1993) for grouping si tes, and 
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Fig. S. J)cndrogrum rcsulling rrmn dtt~lcrin¡: !11 si les uf Triul 1 using 

SREG shrinbgc eslinllllcs ur l'CII mc:ms 11.~ input dah1. 

thc fusion mcthod of Crossa and Cornclius (1993) for 
clustering cultivars . 

Recently, Cornelius ct al. ( 1996) and Comclius and 
Crossa (J 999), in a cros~-validation'sludy involving fi,•c 
multienvironmcnt cultivar tiÍals, found that shrinkagc 
estímates of multiplicativc modc ls wc rc usually more 
accuratc for prcdicting thc response of cultivars v.rithin 
sitcs that wcrc bcst h·tmcatcd multiplicativc modcls fiL­
ted by least squarcs, bcst linear unbiascd prcdictors 
(BLUPs) based on a two-way random cffccts model 
with interaction, and thc cmpirical ccll mcans. For Trial 
J (Trial3 in Cornclius and Crossa, 1999), thc shrink<1gc 
cstimates of multiplicativc modcls wcrc bcttc r prc­
dictors than BLUPs ;md cmpirical ccll mcans. Conse­
quently, clustcring of sitcs (or cultivan') in Trial l into 
non-COl groups was also computcd by mcans nr dis­
lancc bctwccn sitcs computcd with thc cmpirical ccll 
(cult ivar X site) mcans rcplaccd by SREO shrinkagc 
estimatcs as input data. 

Dendrograms and final groups of sitcs and cultivars 
bascd on empirical cell mcans a re shown in Fig. 4 and 
dendrogram and final groups of sitcs base<.! on SREG 
sbrinkage estimat¡;s of ccll m¡;ans are shown in Fig. 5 . 
ln both cases, sitcs are groupcd into two major clusters 
p, 3, 8, 101 vs. 12, 4, 5, 6, 7, 9, 11, 12, 13, J4, 1:'i, J6, 17, 
18, 19, 20); cultivars are split int<> two main subscts {GJ, 
02, G3, 07, ORI vs. IG4, 05, 06, G91. This scparation 
of the sites and cultivars into two main groups was 
consislently found in all modcl-data-constraint combi-
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nations previou.c;Jy descrihcd . The advantage of the 
biplots, howcvcr, is that sir es and cultivars can be simul­
taneously clustcrcd into subscts with non-COI. 

The two final cluster~ of cultivars obtained bv thc 
fusion mc thod clcarly scparatcd cullivars on the 'basis 
of the maize population and thc year of seJection and 
had no more tha n thrcc significant COI bctween all 
possiblc 2 x 2 within-clustcr crossovcr interactions 
(Crossa and C ornclius, 1 993). Cultivars 04, 05, and G6 
were selectcd from CIMMYT mab.e Population 44 in 
J 984, whcrcus C ultivar.; O 1, 02, and 03 wcre selected 
from CIMMYT mai7.c population 34 in .1981. Two of 
thc threc final groups of :;itcs obtaincd from the empiri­
cal ccll mcans as input data (Fig. 4) are different than 
those obtaincd from thc SREG shrinkage estimates as 
input data (Fig. 5). But thc th rcc final groups of sites 
formed using thc SR EG ~hrinkagc cstimates, wilh the 
exception of grou ping Si te 8 with Sitcs J, 3, and 10, 
agrecd with subscts of si tes dclincated by sectors of the 
biplot obtained from thc SREG~(UIU) modcl (Fig. lA) 
in which Cultivars 04, O.'i, and 0 8 wcrc thc winners. 
Furthcrmorc, thc gro up of si tes 17, 17, l9, and 201 te nded 
to cluster togcthcr in most o f thc biplots, including thosc 
from thc constrained SREG2 and SHMM2 models. 

Tria! 2 

Unconslrained and Ctm.strained SHMM 1 and SREG? 
Solutions and TI1clr Bl¡>lo1s. Tests of thc statistical sig· 
nificance of the multiplicativc tcnns (Cornclius et al., 
1992) nccdcd ro describe thc variatiun in lhc Tria! 2 
data showed that two multiplicativc componcnts wcrc 
significant (P < 0.05) for SREG and SHMM. Thc 
SREG1(UIU) hiplot ( Fig. 6/\) is divídcd into fivc scctors 
by ti ve winning cultivars: cultivar 02 was thc prcdicted 
winner in four c nvironmcnts (7, L3, 20, and 23); 03 won 
in scvcn cnviromncnts (3, 5, 8, 12, 18, 19, and 25); 05 
won in a single cnYironmc nt, 15; 09 wo n in 10 cnviron­
menls (4, 6, 10, 11, 14. J6, 17, 21, 22, and 26); and GJO 
won in four envirouments (.l, 2, 9, and 24). Cultivar 09 
won in more enviro nmcnts than any othcr cul tiva r and 
had th c highcst mean yicld . Cultivar 0 3 won in thc 
sccond highcst numbcr nf cnvironmcnts and had sccontl 
highcst mean yíeld. COI pattcrn ís cvidcnt rrom op po­
sitesectors of Fig. 6A.For cxamplc, GlOis thc predictcd 
winner at Sitcs l. 2, 9, and 24 and thc prcdicted Joscr 
at Sites 7, 20, and 23; also 02 is thc worst cultivar at 
Si tes 1, 2, and 24 and thc winncr at Si tes 7, 20, and 23; 
the observed valucs (Table 2) confirmcd these approxi-

• • •• • • • • • • • • • • • • .: 
• • • • • • • • • • • • •• • • • • • • (i 

• • • • • • • • • 
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• mations. A similar COl pattem can be found bctween 

• 
• thc sector where cultivar G5 is the winner versus the 

sector where G9 is thc winner. 
• Thc SREG2(U/C~,s ... , ) birlot (Fig. 6B) is virtually thc 

samc as the SREG{UIU) biplot (Fig. 6/\), cxccpt that 
• si tes with i ¡1 <O on thc unconstraincd solutíon are now 
• forced to have '9;1 = O. No solution was obtaincd for thc 

SVO non-COJ constrained ~REG2, probably hecausc 
• as numy as six e nvironmcnts had primary cffects with 
• a diffcrent sign for thc primary cffccl than did the com-

plcmcntary subset consisting of 20 cnvironmcnts. Thc 
• SHMM~(U!U) hiplot (Fig. óC) showcd that all cultivan; 

• 
and si tes ha ve prirnary cffccts of thc sarnc sign, rcflccting 
a complete non-COl, and that only 09 and G3 are e winncrs, whereas thc SREG~(U/U) biplot showcd thcsc 

• 
as winners in only 17 of thc 26 sitcs. Thc discrcpancy is 
proh;.¡hJy dueto greatcr power of SREGz tn detect COI. 

• R(!sults of the clustcring o( cultívars into groups with 
non-COl showed two main groups IGl, G J 1, 04, 06, 

• 07, 02, G9l vs. IG3, GIO, G8, GSJ (dcndrogram not 
• ehown ). Thesc two groups are clcarly scparatcd in thc 

thrcc biplots (Fig. 6A-6C). The sitcs are clustered into 
• thrce major group~ (1, 24, 9, 3, 25, 8, 12, S, .19J, 14, 6, 
• 1.1 , 14, J 7, 26, 7, 13) and !lO, 20, 23, J 8, 211 and Si tes 2, 

16, 15, and 22 are lcft unclustered. Thc first of these 
• sitc groups tended to cluster in the lowcr lcft quadrant 
• of thc SREG~(U/U) bíplot (Fig. 6A), whcrcas the latter 

two groups are locatcd toward the lowcr right and uppe r 
• right quadrants. 

• 
In sumrnary, thc whcat data set confirmcd thc findíngs 

frorn thc n1ai7.c data that both SREG1 and SHMMJ 
• biplots can be uscd to idcntify subsct~ of cultivars and 

sitcs with COI and nnn-COI. Since thc SREG2 focuses 
• on and expJains more of the cultivar main cffcct and 
• tbc GEl, which are t.hc sourccs ofyield variation that are 

rclevant to cultivar cvaluation and cultivar pcrf()rmancc 
• bascd on megacrwíronmcnt identifícation, thc SREG2 

• bíplot gives good discrimination and rcsolution of thc 
cultivars and the sil cs. This is consistent wíth thc conclu-

• sion of Crossa and Comclius (1997) whcn comparing 
• -REG1 with SHMM1 in studying COI. 

• • • • • • • • • • • • • • • • 

CONCLUSIONS 
Biplots from SHMM1 and SREG2 modcll' can graphi­

cally display thc imcraction variation duc to low lcvcl 
COI or non-COI (first multiplicativc tcrm) versus thc 
intcraction variéttíon duc to COI (sccond multiplicativc 
tcrm). This i~ accomplished if, and only if, thc scorcs of 
thc tirst singular vector of si tes, i 11 , are nf thc samc sign. 

Thc biplots obtaincd using thc constraincd non-COl 
first term solutions for thc SREG2 and SHMtvh modcls 
havc thc samc intcrprctahilíty propcrtics as thc standard 
biplols obtaincd using thc unconstraincd solution and 
givc a good approximation lo thc pattcrns existing in 
thc obscrved data. Howe\'er, the bíplot bHsed on the 
unconstraincd solution cxplains more variation and, 
therefnn.:, has grcatcr powcr to scparatc ooth cultívars 
and sitcs. With tite constraincd solution, it is possiblc 
to idcntifv subscts of sitcs and cultivan; with low levcl 
COI and 'non-COl. 

Results of this study indicate that thc biplots of thc 
SREG1 and SHMM1 modcls are uscful for idcntifyíng 
suoscts of sitcs and cultivars with COf, Jow .lcvel COI, 
and non-COI. In general, biplots bascd on unscalcd or 
scalcd data gavc risc to similar rcsults. Groups of sitcs 
and cultivars wíth low lcvcl COI and non-COl were 
similar to those found when only sítcs (or cultivars) 
wcrc clustered into non-COI groups using thc SHMM 
and SREG clustering approach. This result confirms thc 
bcnefits of using thc biplots for finding simultaneous 
suhsets of sites and cultivar.; with COI, Jow-Jcvcl COl, 
and non-COI fo r hrccding and agronomic purposes. 

APPENDI.X 1 

f ind ~ such that 

[Al] 

whcrc w,., =y;,. - Y.••· Evidcntly, this should lcad to 

a~ thc wlution. But if onc llcgins the itcration wil h !he uncon­
>traincd snlution (~ "" 0), thc n 

l&l! =o 
which results in diví~ion by zcro. lt is not known whether 
somc othcr sct of ñit valucs will allow an itcratívc solution to 
he computed. Dut 

á¡¡ = -'----;;----
~¡ 

Substítution of [A2] intn [A 1] givcs 

LL'Ytl(w,¡- ~)(w;m - ~) 
'9m~ = ¡ i •z = O 

A¡ 

= L'Y11L(W;¡- ~)(w;,. - ~) 
i 1 

= L'9¡d l:w;¡W¡,, - ~(LIV¡¡ + LIVim) + g~2] 
j ¡ ¡ 

= L"Y¡¡LW;¡W¡,.. + g~22:'Y,1 = o 
j ( 

bccau~e 

Solvíng fA3] for ~ givcs 

~=± 

' 

lA2] 

lA3J 

[A4] 

Pult ing )1,.1 = O in [A4l givcs thc solution shown as Eq. [1] in 
!he (CXI. 
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APPENDIX 2 

T11hle Al. Gr.ain-yield r.ank of nine (G1-G9) mHizc cultiurs at each of 20 test sitcs (Triall) prcdit-tcd by thc sites rcgression model 
(SREGd fittcd to unscalcd and scalcd data with unconstrained solutions, constrained SVD (singular , .. alue dccomJWSition') solutions 
and constrained LS (least squares) solutions and Mandel's first term solution plus one additional term (SREG_\t+d· 

Site Site 

Cuhhar 1 2 3 .a 5 6 7 8 9 10 1l 12 13 14 15 16 17 18 19 20 2 3 4 5 6 7 8 9 10 l1 1.2 J3 14 15 16 17 18 19 20 

G1 
G2 
G3 
G4 
G5 
(;(J 

G7 
GR 
G9 

G1 
G2 
G., 
G4 
GS 
Glí 
G7 
GR 
G9 

G1 
G2 
G3 
G4 
G5 
G6 
G7 
GR 
G9 

G1 
G2 
G.1 
G4 
GS 
G6 
G7 
GK 
G9 

SREG¡(U/U)t SKI<:G¡(U/CL\+l) 
4848888182 8 8 8 8 9 8 7 8 8 798188591718 6 6 8 8 
6767779273 7 7 7 7 R 7 9 7 9 98727777282 7 8 7 7 7 
5655566554 56 6 55 56 6 6 67535565353 55 55 5 
717111.,K19 111 J 213 _t 3 3119111191911111 
24222419.16 3 4 4 31314112383333838 3 3 3 3 3 
3333332727 2 3 2 2 3 2 2 3 2 23272222727 2 2 2 2 2 
8586657.~65 6 55 6 7 fi 8 57 86646686464 6 7 8 6 6 
19199954919 9 9 9 6 9 4 9 5 45959998595 9 9 9 9 9 
9294424648 4 2 3 4 4 4 52 4 54464444646 4 4 4 4 4 
---------SREG,(U/Cwo) --------- --------- SRI':G1 (SICthd --------

• 9 8 
7 7 7 
S 6 5 
1 1 1 
3 3 3 
2 2 2 
6 5 6 
9 • 9 
4 4 4 

9 8 
8 7 
6 5 
1 1 
3 3 
2 2 
5 6 
7 9 
4 4 

17188752718 8 8 7 ¡.¡ 8 7 8 5 618188681718 7 6 8 
4847788]84 7 7 7 8 7 7 8 7 8 82727777262 7 6 7 6 
2525554452 55 55 55 S S 4 43S3SS55353 55 55 

• 6 

83811339381 J 1312 313 391911119191 J 11 
6263322725 3 3 3 2 3 3 2 3 2 2 8383232838 2 3 3 3 
3152211bl3 2 2 212112117272323727 3 2 2 2 
76766675(1 7 6 6 6 6 6 fi 6 6 7 7 5{•5668658 56 8 8 7 
59399991')6 9 9 9 9 9 9 9 9 9 94949999494 9 9 9 9 
949444(1849 4 4 4 4 4 4 4 4 6 56464444646 4 4 4 4 

---------SR>:G,(S/U) --------- ---------SREG,,(U) --------

8 
7 
5 
1 
2 
3 
6 
9 
4 

5 
1 
3 
2 
7 
9 
4 

• 8 
7 7 
5 5 
1 1 
2 3 

-' 2 
6 6 
9 9 
4 4 

9 • 
• 7 
6 5 
l 1 
2 2 
3 3 
5 6 
7 9 
4 4 

4829989 82 8 8 8 8 9 8 8 8 9 9'2828855262 8 8 7 8 
6737878273 7 7 7 7 K 7 7 7 8 746Ci7787383 7 7 8 7 
8645565554 56 55 55 (j 6 5 6.~735644454 6 6 55 
7191111919111111311 291821339.'9 11 ·' 1 
3282232828 2 2 2 2 2 212 215413421626 4 4 2 3 
237335.1736 3 3 3 3 3 3 2 3 3 37341212818 2 212 
9556647365 6 56 6 6 6 9 57 86576578575 55 6 6 
19187964919 9 9 9 7 9 4 9 6 519599991919 9 9 9 
5464424647 4 4 4 4 .. 4 54 4 48294366747 3 3 4 4 

6 

• 4 
3 
2 
1 
7 

• 
S 

7 5 8 
8 8 (J 

5 4 7 

·' 3 1 
2 1 4 
1 2 3 
6 7 5 
9 9 9 
4 6 2 

8 ' 7 7 
5 4 
2 3 
3 1 
1 2 
6 8 
9 9 
4 6 

---------SREG:<SIC,\0 ) SH.EG\I+~(S) ---------
18188761618 8 8 6 K 8 7 8 S 79618958165 8 6 6 7 
4747787383 7 718 7 7 8 7 6 85847877282 7 8 8 7 
3535554454 55 55 55 55 4 58425545456 54 4 5 
81811239.,9111 ·' 11213 23372233827 2 3 3 3 
7372.,.1282 7 2 3 3 2 2 2 3 3 2 ·' 42633227., K 3 2 2 2 
2223211616 3 2 213 3121171511119191111 
6666668575 6 6 6 7 6 6 6 6 8 66736766373 6 7 7 6 
5959999292 9 9 9 9 9 9 9 9 9 919996995919 9 9 9 
9494445748 .. 4 4 4 4 4 4 4 7 42584484644 4 55 4 

8 
7 
S 
2 
3 
1 
6 
9 
4 

6 
8 
5 
2 
3 
1 
7 
9 
4 

9 6 
K 8 
6 5 
1 3 
3 2 
2 1 
7 7 
5 9 
4 4 

9 9 
8 8 
6 6 
1 2 
3 3 
2 1 
7 7 
5 5 
4 4 

t SH.EG1(U/U) - !>itc!> rcgrc!>!>ion modcl on Wl!>atlcd datn and uncon_'\.tr.rined !>Oiution: 
SI.CI'~G 2(U/C1· 0 ) -= 1>ite!> rcgrc!>!oion model on uru.rulcd data and con!otralned S VI> !.olution; 
SRt;(;l(SJU) = ¡,ite!o regrclo.'iion modcl on ~led data and unconstrained loOiution; 
SREG2(S/Cs\o) = !oiics regtel!!oion modcl on M:aled data and constraincd SVD !>olutinn; 
SREG1(U/Cu+1) = Mtcs regression model on UO!>caled data and c.onstr.rined l.S + 1 I!Oiution; 
SlU~G:(S/C1 Hd = ¡,itcJ. rcgrc!>~ion model on I!C<tlcd 'h1t<1 and constraincd I.S -! 1 !<>Oiution: 
SREG 11 +1(U) = Mandel\. ~itc11 rcgre!.!>Íon model on un!ocllled data ami uncora.~írnincd ~nlutiou; 
SRI~G\I+!(S) = J\·Jandcl'!o !>Ífcl! rcgre1osion model on ~01lcd dahl aod uncon!>traincd ~ulutiun. 
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Table A2. Grain-yield ranks of ninc (G1-G9) maizc culth·ars at 
ea{'h of20 test sites (Triall) predicted by the shifted multiplie-a­
th'e OJodel (SIIMI\1 2 ) fitted to unscak!d and scaled date, 'lith 
unconstraincd, constraincd SV[) (singular "·aluc decomposi­
tion) and constraincd tS (least squarcs) solutions. 

Cuhhar 

Gl 
G2 
(;3 
G4 
GS 
G6 
G7 
G8 
G9 

Gl 
G2 
G3 
G4 

• GS -6 . .,.;~ 
• G9 

Gl 
G2 
GJ 
G4 
G5 
G6 
G7 
GS 
G9 

Gl 
C' 
G3 
G4 
G5 
G6 
G7 
G8 
G9 

Sitc 

2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 

-----~ SHMM,(U/U)t -------

2 8 
3 7 
5 6 
9 1 . -' 
7 2 
4 S 
1 9 
6 4 

18849 8 
2777827 
3555745 
7112191 
4331462 
8223383 
5668556 
6999li39 
9446274 

6 8 6 8 5 
3 7 7 7 7 
4 6 5 5 6 
8 1 2 1 2 
9 3 1 2 1 
7 2 3 3 3 
2 5 8 6 8 
1 9 9 9 9 
5 4 4 4 4 

--------SHMMt(U/C,~I,) 

188581718686 
377772827777 
2554545 3 (¡55 4 
811319191213 
433136263131 
52222737 2 3 2 2 

1 8 
.1 7 
2 S 
8 1 
4 3 
S 2 
6 6 
7 9 
9 4 

6668fi56 5 S H (i 8 
799993949999 
944648484445 

S 
7 
S 
1 
3 
2 
6 
9 
4 

8 
7 
5 
1 
3 
2 
6 
9 
4 

8 8 
7 7 
5 S 
1 1 
2 2 
3 3 
6 6 
9 9 
4 4 

8 8 
7 7 
5 S 
1 1 
2 2 
3 3 
6 6 
9 9 
4 4 

9 9 6 
7 8 7 
(, 7 5 
1 2 1 
3 • 2 
2 3 3 
5 S 8 
8 4 9 
4 1 4 

8 9 6 
7 7 7 
(, 6 5 
1 1 3 
3 2 1 
2 3 2 
5 5 K 
9 8 9 
4 4 4 

------~ SHMM,(S/U) ------~ 

1 8 1 8 8 6 8 1 8 
262777637 
453555545 
8 1 8 1 1 2 1 9 1 
7373;~3383 
625221262 
5 7 6 6 6 8 7 5 6 
3 9 4 9 9 9 9 2 9 
9.jiJ444474 

1 8 8 8 6 
2 7 6 7 7 
-~5555 
8 1 1 1 2 
72.~23 
5 3 2 3 J 
6 6 7 6 8 
4 9 9 9 9 
9 4 4 4 4 

-------- SHMI\-UU/Ct,~t t 
IK1874R1718íi76 
27.,767728 2 7 7 fi 7 
352545545 4 6 54 4 
81811319191213 
4.~43313li2 6 31 2 J 
625222273 7 2 3 3 2 
566658li5li 55 9 58 
797989939 3 9 H 8 9 
949496484 g 4 4 9 5 

8 
7 
5 
1 
2 
3 
6 
9 
4 

8 
7 
5 
1 
3 
2 
6 
9 
4 

• S 
6 6 
5 5 
1 1 
3 ·' 2 2 
7 7 
9 9 
4 4 

K 7 
7 6 
S 4 
1 1 
2 2 
3 ·' 6 S 
9 K 
4 9 

8 8 7 
7 7 6 
5 5 5 
1 1 1 
2 2 3 
3 3 2 
6 6 8 
9 9 9 
4 4 4 

K 9 6 
7 7 7 
(, 6 5 
1 1 2 
3 4 1 
2 3 .\ 
5 5 8 
9 8 9 
4 2 4 

• • • • • • • • • • • •• • 
t SREG¡(U/U) = \hifled multiplicatil·c mude! on umcalcd data and un­

con~traiucd Mllutioo; 

• • • • • • • • • • • • • • • 

SH.EG!(Uf(\vn) = ~hirtcd multiplicath·c nmdcl oo un~calcd data 1md 
comtruined SVU ~olutiun~ 

SRI•:G!(S/Ut = ~hifted multiplk-ative modcl oo scalcd datu and uncoo­
!.troincd ~olution; 

SHMM1(U/C1_,_,) = !.biftcd muhiplicath'c model on wl!ooelllcd data and 
con~lr.1incd LS + 1 ~ulutioo . 
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Hnterpreting Genotype X Environment Interaction in Wheat 
by Partial Least Squares Regression 

Mateo Vargas, José Crossa,* Ken Sayrc, Matthcw Reynolds, Martha E. Ramírez, and Mike Talbot 

ABSTRACT 

Tht• Jl<lrfial lcasf squarcs (PLS) rcgrcssion nu~thod relates gcno­
t)'pc X t~m·ironmcni intcraction cffcds (GEl) as dcpendcnl nuiahlcs 
(Y) io cxicrnal cm·ironmcntal (or culth·nd ,·ariahlcs as thc cxplana­
tory \'ariablcs (XJ in onc single estimation proccdurc. Wc applicd PLS 
rcgrcssion to 1\\'0 wheat dula seis wilh thc objccth·c of dctcrmining the 
musf rclcmnt cullhar and cnvironmcnlal ,·ariablcs that cxplaincd 
grain yicld GEl. Onc dalasci h:td two ficld cxpcrimcnts, onc induding 
sc,·cn durum n·hcai (Triticwn turgidum L. ,·ar. dunun) t•ulih·ars and 
thc othcr, sc,·cn bread whcat (Triti~um aesth·um J .. ) culth·ars. both 
tcstcd for 6 )T· In durum \4hcat cuUh·ars. sun hours per day in l>cccm­
hcr, Fel1ruary, and Marchas lr\CII as maximum tcmpcraturc in l\larch 
1'~-Crc rcl:dcd lo ihc fador that explaincd more than 39% of GEL 
nhilt~ in bread whcat culth·ars, mínimum tcmpcraiurc in Dccmnhcr 

• and January as well as sun hours per day in January and Fcbruary 

•

werc thc cm'ironmental nriablcs rclatcd h1 the fador that cxplaincd 
• he lar~cst portion (>41%) or GEl. Thc sccond data ser had cight 

• • • • • • • • • • • 

bread l'hcat rulth·ars e1·aluafcd in 21 Ion rclath·e humidif)' (RH) 
em·ironmcnts and 12 high RH cm·ironmcnls. For both low and high 
RH cn,·iromncnts. rcsults indicatcd that relathe performance ofculti­
,.ars is inOucnt.'Cd by difTcrcnthtl scnsith·ii)' lo mínimum tcmpcratures 
durin~ ihe spikc grcmih pt~riod. Thc PLS mcthod was cffccth·c in 
dctct.1ing crnironmcntal and culth·ar explanalorJ \'ariablc~ as.'iot'iatcd 
nith ftu.1ors lhat cxplaincd Jarge portion~ of GEl. 

W HEN ASSESSL\i(J grain yicld of a set of cultivars in 
a multi-cnvironment tria1 1 changcs are commonly 

obscrvcd in the relative yield performance of cultivars 
with respect to each othcr across sites. This differcntial 
yicld response of cultivars from one environmcnt to 
anothcr is callcd gcnotype X cnvironmcnt intcraction 
(GEl) and can be studicd, dcscribcd, and intcrpretcd 
by statistical modcls (Crossa, l 990) . 

A commonly uscd procedurc for modeling statistical 
• intcraction is a simple regression of the cultivar perfor­

mance on the sitc mean (Yates and Cochran 1 l93S; Fin­
•• ay and Wilkinson, 1963; Eberhart and Russcll, 1966). 
• This model can be depictcd in a set of straight lincs 

with diffcrcnt slopcs1 onc for cach cultivar, and thc 
• heterogcneity of slopcs accounts for thc intcraction. 
• Since hctcrogeneity of slopes generally explains only a 

small proportion of thc complex intcraction, a more 

• • • • • • • • • • • • • 
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elaborate modcl would be ncccssary to describe thc 
GEl. J\ gencralization ofthc rcgrcssion on thc site mean 
modcl is thc multiplicative model also called Principal 
Component Analysis of thc GEl or Additivc Main Ef­
fcct and Multiplicative Interaction (AMMI) model 
(Gollob, 1968; Mande!, 1971; Kcmpton, 1984; Gauch, 
1988). Crossa ct al. (1990a) investigatcd AMMI and 
othcr procedurcs for grouping environments and whcat 
cultivars into homogcneous suhscts and ddcrmining 
yield stability. 

Thc AMMI modcl providcs more opportunity for 
modeling and interprcting GEl than the simple regrcs­
sion on the site mean model beca use it allows modcling 
thc GEl in more than one dimcnsion; however, it csti­
matcs thc environmcntal and cultivar interaction pa­
ramcters hy statistics dcrived from the obscrvcd phcno­
typic data themselvcs. \Vhen information on externa] 
cnvironmental variables is availablc (i.e., precipitation, 
tcmpcrature, etc.), it can be correlatcd to or rcgrcssed 
on the AMMI environmcntal scores so that sorne inter­
pretation of the causes of grain yield GEl can be at­
tempted. Howevcr, externa! cnvironmental information 
cannot be used dircctly in the AMIVU model. 

V..'hcn additional information is available on cnviron­
mcnt, cultivars. or both. GEl can be modeled dircctlv 
by thc factoria(regrcssi<;n modcl (Dcnis, 1988; van Ecu·­
wijk et al., 1996). Sincc a large number of externa! cova­
riables may be modclingjust noisc, thc most explanatory 
covariables mav be svnthesized in one covariate bY the 
rcduccd rank iactori~l regrcssion (van Ecuwijk e.t al., 
J 996). J\lso, whcn cnvironmcntal information is 3Vai1-
ablc, interpretation of GEl may be possible by the prin­
cipal componcnt regrcssion procedurc that relates in­
dividual cnvironmental variables to the principal 
componen! scorcs of thc GEl (Aastveit and Martcns, 
1986). However, this approach has severa! problems, 
givcn that (í) it is sensitive to multico11incarity and noise 
and is nonparsimonious. (ii) it is not casy to relate many 
cnvironmental variables to severa! principal component 
foctors simultaneously, and (iii) rctaining thc optimal 
numher of principal components for intcrprctation may 
be difficult (Aastveit and Martens, 1986) . 

To ovcrcome sorne of these problems, Aastveit and 
Martcns (l 986) proposcd thc partialleast squares (PLS) 
regression method as a more direct and parsimonious 
linear model. This mcthod consists of relating X and Y 
matrices in one single cstimation procedure. The Y ma­
trix contains si te X cultivar grain yiciJ data as dcpcndcnt 
variables and thc X matrix has tl1c cxtcrnal cnvironmcn­
tal variables (or externa! cultivar variables) as thc ex­
planatory variables. In contrast to the principal compo­
nent regression approach whcrc cach component is a 

Abbrc,'i:ttions: PLS. partial ka.<..! squarcs; GEl, gcnotype X cnviron­
mcnt inlcraction: AMMI, additivc main effect and multiplicativc intcr­
action . 
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linear combination of the variables x, Xz, ... ,x, only, PLS 
is bascd on thc componen! scorcs using both Y and X 
matrices. i\astvcit and Martens ( 19Rn) applicd thc PLS 
rcgrcssion method to study diffcrcnccs in straw lcngth 
of 15 barlcy (llordeum vulgare L.) cultivars across cnvi­
ronmcnts o ver 9 yr. Talbot and Whcclwright ( 1989) 
applicd thc PLS rcgression method for cxplaining the 
GEl bctwccn ninc potato (Solanwn IU!Jeroswn L.) culti­
vars and 12 sitcs using cultivar charactcristics such as 
discasc scorcs and drought resistancc . 

Thc Bread Whcat Program ofthc lntcrnational Maize 
and Whcat lmprovcmcnt Ccntcr (CIMMYT) aims to 
devclop widcly adapted, high-yiclding, stahlc gcrm­
plasm with acceptablc industrial quality and rcsistancc 
to combinations of environmental strcsscs induding 
drought. hcat and diseases. Severa! studics havc bccn 
done to asscss GEl and yield stability of CIMMYT 

• bread and durum wheats (Pfeiffcr and Braun, J9R9; 
Crossa ct aL, 1990a,b; DeLacy ct aL, 1994; Osman ct 

• aL, J 996, J 997). However, on1y a fcw attcmpts ha ve 
•• Jccn madc to cxplain GEl in whcat grain yicld by cnvi­

ronmcntal variables, genotypic variables, or both (Os­
man ct aL, 1996, J 997). ln this papcr, wc applicd PLS 
rcgrcssion to ClMMYT bread and dumm whcats in 
mu1ticnvironmcnt tria1s with the objectivc of dctcrmin­
ing thc most important cultivar variables, thc most rcle­
vant cnvironmcntal conditions: or both that influcncc 
genotypc X cnvironment intcraction of grain yicld. 

• • • • • • • • • • • 

MA TERIALS ANO METHOilS 

Partial Lcast Squares Regrcssion Thcory 

The partialleast squares approach was originally dcvclopcd 
by Wold ( 1966, Jti75) for systems analysis and for prcdicting 
chcmical variables from spcctral data. In this typc of situation. 
thc numhcr of variables (K) is much largcr than thc numbcr 
of obscrvations (N). and there is high collincarity among vari­
ables. Dctails ofthc PLS thcory and its similaritics with princi­
pal componcnts rcgrcssion and stepwise multiplc linear re gres-

• sion are dcscribed in Aastveit and Martens (FJRó). A bricf 
cxplanation of PLS. whcrc only one dependen! variable (y 

• • ,ariablc) is rclatcd to many explanalory variables (X vari­
ables). is givcn hclow. IL.;; cxtcnsion to more than onc dcpen-

• dent variable is straightforward (Aastveit and Martcns. 19Ró). 
• Assumc that thc data for K cxplanatory variables are givcn 

bv thc matrix X = (xJ. ... , xr,J and data for onc Jcpcndcnt 
• v~iablc is givcn by the vector y. Each ?f thc x1 ••••• X¡.; and )' 

vcctors havc N dimcnsions correspondmg to thc numbcr of 
• observations. ThcJ vcctor(N X 1) rnayrcprcscnt. forcxamplc. 
• grain yicld valucs of N cultivan; tcsted ín a sitc or ycar (ora 

comhination of both) and thc XtS vcctors may he mcasurc-
• mcnts of othcr cu!t!var variables. such as numbcr of wains 

pcr squarc meter. htomass, etc. Smcc thc PLS mcthod 1s not 
• invariant to thc scalc of mcasurcmenL it is assurncd that vari-

• 
ables x1, x2, .... X;;:. and )' havc becn ccntered (zcro mean) anJ 
scalcd (unit variance). 

• To break up ~m!' possiblc depe~dence am.ong thc K cxpl~n~l-
tory variables, 1t 1s more convement to wnte thc X matnx m 

• thc following bilinear form: 

• • • • • • 

1 J 1 
where thc tn, (m = l.2 .... ,.M) are N-dimensional vectors callcd 
scorcs (also known as latent variables), thc Pn1 are K-dimen­
sional vcctors ct~llcd X-loadings andE,, is lhc residual matrix. 

Thc J' vector can he writtcn as 

[2[ 
whcre tm (m = 12 ..... M) are the same seores as in Eq. f l J and 
the lJm are scalars callcd YMioadings. The scorcs can alsn be 
called X~scorcs or Y-scorcs, dcpcnding on whether Eq. [l} or 
[2] is considcrcd . 

The basic idea undcrlying the PLS mcthod is that the rela­
tionship between X and y is transmitted through the latcnt 
variables tm· 

Sorne conditíons for E4. ["!} and f2] are that thc tm scorcs 
should he mutually orthogonal in the space Rto or that thc p"' 
loadings should also he mutually orthogonal in thc spacc R;;:. 
Ifboth restrictions are imposcd and if in addition orthogonality 
is assumcd between rows/columns nf E.~1 , then cach tm is a 
normalizcd cigcnvcctor of XX' and cach Pm is a normalizcd 
eigenvector of X'X. In othcr words, all the vcctors are esscn­
tially detcrmined by thc data matrix X. Because of the difficul­
ties in imposing both restrictions simultaneously. onc orthogo­
nalitv condition should be rclaxcd. This is whv lhcrc are two 
diffe~ent (but equivalen!) algorithms for esti.ñating paramc­
tcrs of thc PLS regrcssion. depending on whether tm scores 
or the Pm loadings are considcrcd orthogonal to cach othcr. 

In univariate PLS. the algorithm (Appendix) for rcprcscnt­
ing X and y as in Gq. [1] and [2] for each m = l. 2, ... , M. 
consists of an itera ti ve proccdure that first estimates a linear 
combination of thc X variahles; this gives the latcnt vcctors 
(also known as faclors or componcnts). The y variables can 
be optimally predictcd from lhat latcnt vector by ordinary 
least squares rcgrcssion. A sccond Jatent vector is derivcd from 
the X rcsiduals and has thc capacity of optimally predicting thc 
y residuals from thc first stcp. Thc procedure continues until 
the contribution of thc ncw latent vector is small. Thc nurnhcr 
of factors (latent vectors) to be retained ís detennincd by a 
cross-validation proccdurc (S tone, 1974), andan F test pro­
poscd by Os ten ( Jl)X~) is used to examine thc significancc of 
each new factor (lhc firsl. sccond, etc.). In this study thc PLS 
algorithm. the cross-validation procedure, and the F test wcrc 
applicd by a proccdurc implcmcnted in GENSTAT vcrsion 
5 relcasc 3. GENSTAT (199.1) . 

Rcsults of thc bilinear dccomposition obtained from PLS 
can be summarizcd in a graphical form similar to thc hiplot 
display of Gabriel ( 1971 ), whcrc Y loadings of cultivars and 
X scores of environmcnts are represented by vcctors in a 
space with starting points at the origin (0.0) and cnd points 
determined hy the valucs of the loadings and/or scorcs . 

Data Sct 1 

This data set consistcd of two experiments. onc with se ven 
durum wheat cultivars and thc other with sevcn bread whcat 
cultivars, both tcstcd during 6 yr (1990--1995) in Ciudad 
Obregon. Mcxico. In cach ycar, thc cxpcrirncnts wcrc ar­
ranged in a randomizcd complete block dcsign with thrcc 
replicates. Thc durum and hrcaJ whcat varicti~.:s includcJ wcrc 
a historical se! rclcascd from the earlv 1960s to thc late 19KO~: 
thc order of Numhcrs 1 to 7 is the l;rdcr of varicty relcascs 
over time (Sayrc ct al.. 1997). 

ln cach experiment, thc gra.in yield GEJ (kg ha- 1) depcn­
dcnt variables when using cultivar explanatory variables. wcrc 
represcnted hy thc Y matrix of sizc scvcn X six (sevcn rows 
representing cultivars and six columns rcprcscnting ycars). 
Measured at the cultivar level. thc 15 cxplanatory variables. 
represented hy thc X matrix of sizc scvcn X 15 (seven rows 
corresponding to cultivars and 15 columns corrcsponding to 
the explanatory variables) wcre: days to anthcsis aftcr emcr­
gence (ANT), days to maturity aftcr emergencc (MAT). days 
of grainfill (Gfl ~ MAT - ANT), plant height (cm) (PUl), 
above ground hiomass (kg ha-1) (B10). harvest indc.x (HJD), 
straw Yield (kg ha- 1) (STW). numbcr of spíkcs pcr squarc 
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meter (NSM)) number of grains pcr square meter (NGM), 
numher of grains pcr spike (NGS), thousand kernel wcight 
(g) (TKW), wcight pcr tiller (g) (WTI), spike grain wcight (g) 
(SGW). vcgctative growth rate (kg ha- 1 d-1) (VGR ~ STW/ 
ANT) and individual kernel growth ratc (mg kerncl-1 d-1) 

(KGR) during the grainfill period. On the other hand, 16 
cnvironrncntal variables were considered: mean daily maxi­
mum temperaturc CC) (tvfT). mean daily minimum tcmpera­
turc (°C) (mT). month!y total prccipitation (mm) (PR), and 
sun hours pcr da y (SH); thcy werc mcasurcd during thc dcvcl­
opment stagc of thc crop. Decemhcr (D), January (J), rchru­
ary (r). and March (M) in each of thc 6 yr (1990-1995). 

In both cxperiments. the Y variable corresponds to the 
gcnotype X cnvironmcnt interaction matrix (residual matrix 
aftcr adjusting for the genotypc and cnvironmcnt main cf­
fects). Since thc PLS procedurc is not invariant to scalc. both 
Y and X variables were ccntered (to mean zero) and scalcd 
(to variance onc) . 

Data Set 2 

• This data sct is from the first Intcmational Hcat Stress 
~enotype Expcriments (IHSGE) (Rcynolds et al., 1994) and 

• W¡ncluded eight bread wheat cultivars cvaluated in 33 enviran-
• mcnts (combination of sites, sowing dates, and years). Thc 

testing si tes wcrc Ciudad Obregon. Mcxico, plantcd in Dcccm-
• bcr: Wad Mcdani, Sudan: Tlaltizapan, Mcxico, plantcd in De-

• 
cember: T. laltizapan. Mexico. planted in fcbruary; Lampang. 
Thailand: Dharwar, lndia; Dinajpur. T3angladcsh; Alcppo. 

• Syria: Londrina. Brazil: Kadawa. 1\'igcria: Brasilia, Brazil: and 
Jínja, Uganda, during 1990-1994. Thc 33 environmcnts wcrc 

• divided into two subscts, 21 low rclativc humidity (RH) cnvi-
ronments and 12 high RH cnvironmcnts. 

• Thc grain yicld (kg hn-1) dcpcndcnt variable Y matri.x was 

• 
of sizc 21 X cight {2"1 rows corrcspnnding to cnvironmcnts 
and eight columns corresponding to cultivars) for the low RH 

• cnvironmcnts, or size 12 X eight for the high RH cnviron-
ments. The 13 explanatory variables in the X matrix ofsizc 21 

• X 13 (21 rows corrcsponding to cnvironmcnts and 13 columns 

• 
corresponding to cx.·planatory variables) for thc low RH cnvi­
ronmcnts, or sizc 1.2 X 13 for thc high RH environmcnts, 

• were: lcngth of thc cntirc growth cyclc (days) (CYC), mean 
daily minimum tcmperature during thc entire growth cyclc 

• (''C) (mTC), mean daily rnaximum tcmpcrature during thc 
entire growth cyclc (°C) (MTC). sun hours pcr day during thc 

•• ntirc growth cyclc (SHC). mean daily minimum temperaturc 
• during the vcgctativc stagc (mTV). mean daily maximum tcm­

perature during thc vegetativc stagc (MTV), sun hours pcr 
day during thc vcgctative stagc (SI·IV), mean daily mínimum 
tcmpcraturc during thc spike growth stagc (mTS). mean daily 
maximum tcmpcralure during thc spikc growth slagc (MTS). 
sun hours per day during the spikc growth stage (SHS), mean 
daily mínimum tcmpcrature during thc grainfill stagc (mTG). 
mean daily maximum temperaturc during thc grainfi!l stagc 
(MTG). and sun hours per day during the grainfill slagc 
(SHG). 

• • • • • • • • • • • • • • • 

As in the first data set, thc variable Y corresponding to 
thc genotype X cnvironmcnt intcraction matrix and thc X 
varíahles wcrc normalized by columns in arder for thc mean 
to cqual zcro and thc variance to cqual onc. 

RESULTS AND DISCUSSION 
Data Set 1 

Explaining Genotype X Envirmunent lnteraction 
By Cultivar Explanatory Variables 

For hoth durum and hrcad wheat experiments. the 
analysis of variancc shov .. 'cd that thc cultivar X ycar 

interaction for grain yield was highly significant (P < 
0.\1001 ). The cross-validation procedure and the F test 
for thc numbcr of significan! filctors. indicatL:d that only 
the first factor (laten! vector) was highly significan! for 
prediction. The predictivc residual sum of squares 
(PRESS) for the second PLS factor was only slightly 
greater than for the first factor. For the durum wheat 
expcriment, the first and sccond PLS factors cxplained 
56 and 13% of the GEl, rcspcctively. explaining jointly 
69% of thc GEL For thc bread whcat cxperimcnt. the 
first and sccond PLS factors explained 36 and 24% of 
thc GEL respectivcly, explaining jointly 60% of thc 
GEL For hoth crops, thc rclativcly high perccntagc of 
GEl cxplained by thc first PLS factor was cxpected 
sincc scvcral explanatory variables were componcnts of 
total grain yield. 

For durum whcat, thc variancc of thc cxplanatory 
variables number of grains pcr spikc (NOS), harvcst 
index (HID), spike grain weight (SGW), numher of 
grains pcr square meter (NGM), individual kernel 
growth ratc (KGR), and plant height (PLH) that was 
cxplaincd by thc first PLS factor is large (> 711%) (Tahlc 
1 ). Thcsc variables werc closely rclated to a factor that 
madc a largc conttihution to cultivar X ycar intcraction 
and, exccpt for kernel growth rate (KGR), thcy had thc 
highcst positivc X loadings, i.c., they had high corrcla­
tion with grain yield. ln contrast, variability of other 
explanatory variables such as straw yield (STW), and 
number of spikes pcr squarc meter (NSM) was not ex­
plaincd by thc first PLS factor and had valucs clase to 
zero for thc X loadings. Thc first PLS factor cxplaincd 
15 to 65% of the variability of the rcmainingcxplanatory 
variables. From a biological point ofview, thc first PLS 
factor can be interpreted as thc contras! hctwcen grain 
yicld componcnts (NOS, HID, SGW, NGM, and BIO) 
vs. kernel growth ratc (KGR), days to anthcsis alter 
cmergcncc (ANT), thousand kernel weight (TKW) and 
days to maturity aftcr cmcrgcnce (MA T). 

For hrcad whcat, thc first two factors explained 

Tablc l. Proportion oftotal ,·ariancc ofX ,·ariahlcs cxplaincd h:·• 
the first factor and Joadings of X gcnotypic variables for durum 
wheat and hread ~·heat experimcnts of Data Set 1. 

llurmn v.·hcat Bread whcul 

Variable ':·:, Hlriancc X loading!o Variable % ·nuiancc X loadingl> 

NGSt 93.6 0.3590 Al'il' 76.9 0.3887 
HIIJ 90.6 03401 Gl'l 75.3 -0.3288 
SGW 88.6 035"01 BIO 7.1.8 03141 
I\"GJ\1 87.7 0.3-IOH 1\IAT 69.1 0.3231 
KGH. 80.(1 -0.3222 NGS 67.K 0_"\8Hi 
PUl 74A 0.32.;9 wn 5ú-8 0.l(i46 
1110 ft5.2 0.3015 PLH 5(l.l 0.2166 
VGR 35JI 0.22(,0 S'l'W 53.7 0.1987 
AN1" _,4.6 -0.2000 s<;w 33.7 0..2716 
WTI ·'1.4 0.2229 TKW .H.4 -0.1813 
TKW 27.1 -0.1847 !\:SJ\1 25J) -0.1333 
MAT 18.7 -0.1421 NGIH 16..5 0.1740 
GFI 14.6 0.1380 HIU 15JI -0.0257 
STW 1-1 -01)203 VGR 9.2 0.0204 
l'iSI\"1 0.9 -0.0507 KGR 3.9 -0.1371 

t N(;S = numhcr ofgrain!o pcr spikc, HIIJ = hanc!ot indc:\., S(;W = !opike 
grain wcighl, N"GI\'1 = numhcr uf gr.tin" per !.quarc meter, KGR = 
inrlh-idual kernel growtb r.ttc, PI.H = plan1 heiKhl, lUO = bioma!.~ 
a!Mnc ground, VGR = \·egclati\·c gn.m1:h rale, AI\'T = da~·!> to anthei>i~ 
aftcr emergcncc, WTI = "·eight per tiller, TKW = thou.-.and kcmal 
"cight, fi·1AT = day~ to maturil}" aftcr cmergcnce, Gf"l "" day¡, for 
gr.tinfill, ST\\' = !.lJ'a"· yield, NSM = number of !>pikt!!. pcr !oquarc meter . 
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slightly lcss of thc variancc in thc GEl matrix than 
for durum wheat (60 vs. 69%). For fivc explanatory 
variables, days to ant.hcsis after cmcrgcncc (ANT), days 
for grainfill (GFI), Biomass (810), days to maturity 
aftcr thc emcrgcncc (MA T), and numbcr of grains pcr 
spikc (NOS) thc first factor explaincd more than 67% 
of their variability; thcse five variable!' ( except for days 
of grainfill) had thc largcst positivc X loadings (Tablc 
1). Thc fírst factor cxplained 15 to 56% ofthe varíability 
of wcight pcr tillcr (WTI), plant hcight (PLH), straw 
yicld (STW), spikc graín weight (SGW), thousand ker­
nel weight (TKW), numbe r of spikcs pcr square meter 
(NSM), numbcr of grains per squarc meter (NGM), and 
harvcst index (HID). Thesc variables had intcrmcdiatc 
positivc X loadings cxcept for thousand kernel wcight, 
number of spikcs pcr square meter and harvest indcx 
that had intermcdiatc negativc X loadings. The first 
PLS factor did not havc a clcar interprctation; howcvcr. 
it secms to have bccn dominated for variables relatcd 
to the length of the cyclc or earlincss. 

Thcse rcsults indicate that thc first PLS factor cx­
plaincd sorne gcnotypic variables that affect GEl diffc r­
cntlv in durum whcats than thev did in bread whcats. 
WhÍic harvest indcx (HID), numbcr of grains pcr squarc 
meter (NGM) and individual kernel growth rate (KGR) 
wcrc associatcd wíth a factor thal cxplained a largc 
proportion of GEl in durum wheat cultivars (90, 87.7, 
and 80.6%, rcspcctivcly), they wcrc not explained wcll 
in bread whcat cultivars (15, J6.5, and 3.9%, respec­
tivcly). On the othcr hand, the variables days to anthesis 
aftcr cmergcncc (ANT), days to maturity after e mcr­
gcncc (MAT), and days of grainfill (GFI) were not well 
explained by the first PLS factor for durum wheat culti­
vars (34.6, 18.7, and 14.6%, respectivcly), when coro­
pared with thc first PLS factor for bread wheat cuJtivars 
(76.9, 69.1, and 75.3%, respectivcly). The only variables 
lh<1l wcre cxplaincd in a relativdy high proportion in 
both crops, wcrc number of grains pcr spike (NGS) and 
biomass (BIO) (>65%). 

Explaining Grain Yield Variabilify By Emironmental 
Explanatory V:uiables 

Cross-validation assessment and thc F test indicatcd 
that only onc PLS factor was significant for cxplaining 
thc GEL Thc prcdictive residuals sum of squarcs 
(PRESS) for thc sccond PLS facwr was only slightly 
greater than for the first factor. Thc first factor cx­
plained 40 and 42% of thc GET in Y for durum whcat 
and bread whcat, rcspectivcly, whcrcas the second fac­
tor cxplained 26 and 20.25% of thc GEl in Y for durum 
wheat and bread wheat, respectively. The first two fac­
tors explaioed jointly 66 and 62% of thc GEl for durum 
and bread whcat c ultivars, respectivc ly. 

For d urum whcat the first PLS factor cxplaincd more 
than 60% o( thc total variability of sun hours per day 
in February (SHF), mean daily maximum temperature 
in March (MTM), sun hours per day in December 
(SHD) and sun hours pcr day in March (SHM) and had 
thc highcst rclativc X loadings (Table 2). Variability in 
mean daily maximum tcmpcraturc in J anuary (MTJ), 
mínimum tempcrature in March (mTM), precipitation 

l'able 2. Proporticm of tot<ll variance of X ..-arillblt:l' explllined by 
the first fador and loadings of X envimnmental variables for 
durum wheat and bread wht:at cxperirnents of Data St:t l. 

· · ·- ----- - ... ·-·--------- . ---
Uuruon ,.·h~al Bread .. beal ------· 

Variable ~~ ~ari~Dt:C X toadia~ Varí~tblc o/o ,.llrillnte X loadíug. 
------·-- --
SHft 82.b - 0.4169 ml'J 75.1 0.4491 
MTM 69.1 0.4447 SHI-' 68.4 -6.4~ 
SHO 62.~ -0.3059 m TI> 5S.7 0.328.'1 
SHM 60.4 0.467~ SHJ 531> -11~267 

mTO J 6.1 0.2313 SHn 47.8 -O~l2R3 
MTD 311-' - 0.3040 m'ftl 41.7 0.2444 
mTF 28_\ 0.1089 I'K"' 35.9 0.2674 
I'RM 19.11 - 0.2152 M'l'l) .}4.3 - 0.1610 
m U 14.2 0 •. 11193 I'HJ 23.11 O.lt.IO 
1\HJ 9.2 0.0968 SHIII 11.7 0.1702 
m"I'M 8.4 0.0122 M'l'M 11.7 0.1311 
PIU 6.4 - 0.1300 mll\1 IM 0.1358 
PRO 3.0 - O.o978 IIUJ 9.4 - 0.6544 
MTF 2.1 -0.0227 PKM 7.3 0.0401 
SHJ J.J - O.oK7J MTF J.Z -0.11115 
PRF 0.5 0.011!; I'HI) 0.2 -1Ulii4S 

t SHF = 5101 houf'lo inl•'ebruary, Ml'M - maximumtemperaluro in Marc.b, 
SHD = J>Wl lloun in IJe.:cmbcr, SHM = >Wl bows in Man:ll, ml'U = 
mínimum tempel'lllure in Ueecmbcr, llfi'U "' m!Uimwn temperulun! in 
Oeccmber, ml't' = mÍJÚIIIum lempenhan: in llebn&ary, PRM = precipi· 
t»tioa in Marcb, mn = mínimum rcmpcruturc ia Janu•u~·, MTJ = 
malimum lcmp.:r.nurc in January. mTM = mhümwn tempcrulurc in 
M;u·ch,PIU ~ prc~ipilasíon inJanu~ry.f'l(l) ; precipilatit•n in l>c:c~m · 
ber, Mit' ~ m'"imum tempcralurc in t'ebrual)·, SHJ ,. ~a11 hou~ in 
Jlllluary, VHt' = precipitaiM>n ia l<'ebrnry. 

in January (PRJ), precipitation in Decembcr (PRO), 
maximum tcmperature in Fcbruary (MTF), sun hours 
perday in January (SHJ), and prccipitation in Fcbruary 
(PRF) was not explained well by thc first factor ( <1 0% ). 
Fiftecn to 45% of the va riation in mean dailv mínimum 
tcrnpcraturc in Dcccmhcr (mTD), maximuÍn tc mpcra­
turc in Dcccmbcr (MTD), mínimum tempcraturc in 
February (mTF), precipitation in March (PRM), and 
mínimum tcmpcrature in January (mTJ) was explaincd 
bv the first PLS factor. The fírst PLS factor can he 
ilÍterpreted basically as the contrast between sun hours 
in Decembcr, in February, and maximum tempcrature 
in Decembcr (SHD, SHF, and MTD) vs. maximum tem­
perature and sun hours in March (MTM and SHM). 

Thc biplot (Fig.la) ofthc first and sccond PLS factors 
for the SC\'cn durum wheat cultivars and thc 6 yr shows 
that the first factor contrastcd carly released Culth•ars 
1 and 2 (4437 and 5188 kg ha-1

, rcspectively) with latcr 
rc!cascd Cultivars 5 and 6 (7609 and 7597 kg ha- 1, rc­
spcctivcly). T his first facto r was dominatcd hy diffcr­
ences in grain yield betwccn high yíclding ycars 1990, 
1991 and 1994 (Fig. 1 a and Table 3) \'S. lowcr yiclding 
ycars 1992, 1993, and 1995. By obsen-;og both Fig. la 
and lb simultancouslv. it can be sccn that the first fa ctor 
also relatcd thc différences between Cultívars 1 and 2 
vs. Cultivars 5 and 6 and high vs. Jow yielding years 
(Fig. la) with the contrast bctwecn precipitation in De­
cemher, January, and March, sun hours in Dcccmbcr, 
January, and February, maximum temperaturc in De­
cember and Fcbruary (PRD, PRJ , PRM, SHD, SHJ, 
SHF, MTD, and MTF) ('with ncgative X lmtdings) vs. 
minimum tcmperaturcs in Deccmher, January, Fcbru­
llry, and March, maximum tcmperatures in January, in 
March, and sun l1ours in March (rnTD, mTJ , mTF, 
mTM, MTJ, MTM,and SHM) (with positivc X )oadings) 
(Fig. lb). 

• • • • • • • • • • • • • • • • •• • • • • • • • • • • • • •• • • • • • 8 
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Factor 1 
Fig. l. (:1) Riplo t ol 1hc fi~l und sc.:ond P LS r:octors rcpre!oenti ng lhc X ~corcs or ycar~ 1?911, 1991, 191)2, 1993, 1994, <in.I I99S and lhc Y lil :td ings 

or sc..-en clurum ~ llcut cuhivur.- (1- 7) rrom l>lllll Sel t . (h) Plol or l hc firsl (W(I P l.S f114.'lllrN represen fin& thc X lolldinf;" or 16 cuvironmc nfa l 
vuriablcs mcusurcd in 6 yr ... bcn ~cv~ dunnn "'hest culth'llrS werc c"alualcd ( lhb Scf J). E •w imrunco lal v~~riablcs ute dcnMcd as m T I> =­
rnin irnum ICI!o pcr~l u rc in Dc:n-rnhc r. mTJ =- minimu m l ~mperaiure in Jwnullry, mTF ~ mi nimum h:niJJ'C rulu rc in Fchruar~·· mTM = mjn imum 
lempcratur<' i n M:arch. MTJ) = 11111.dnmon tcmper.durc in Oecemller , I\ITJ : maximum lcmpcrafurc in Januury, MTF = ma.timum tcmperalurc 
in .-c brua ry, l\1l'M = ru1ud murn tcmp<!ral url' in Mllrch, PRD = precipilal ifln in D cccm hcr , PRJ = prccipilulion in J anuary. PRF = precipiblion 
iu fcbruary, PRM = ptccipóhllion iu M10rrh, SUD = sun hnurs in l>cccmbcr, SHJ = ~un h•lur.; i11 Januory, Sll F = ~un huurs in Fcbruary, 
SH M = s on hnurs in 1\hrch • 
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In general, thc highest yiclding years (1990. 1991, 
and 1994) had more sun hours and lower minimum 
temperatures than thc lowest yielding ycars (1992, 1993, 
1995) (Taolc 3); thcse environmcntal conditions favored 
Cultivars 1 and 2 more. Grain yicld had high positive 
corrclations with sun hours in January (r = 0.70) and 
February (r = 0.69) and maximum temperatures in De­
cembcr (r = 0.76) and February (r = 0.55), and it had 
ncgativc corrclations with minimum tcmpcraturcs. 
Early rclcased Cultivars 1 and 2 hada positive interac­
tion with years 1990, 1991, and 1994 because they are 
a U locatcd in the same quadrant (lowcr lcft) of Fig. la. 
This intcraction sccms to be associated with sun hours 
in January and Fcbruary (SHJ and SHF) and higher 
maximum tempcratures in Decembcr and Fcbruary 
(MTD and MTF) (Fig. lb). The negative interaction 
between carlv rclcascd Cultivars l and 2 with vears 1992 
and 1993 (they are in oppositc quadrants)~ secms to 
be duc to 1ower minimum temperaturcs in Deccmbcr, 
January, andFebruary (mTD, mTJ, and mTF) as well as 
more precipitation in February (PRF). However, thcse 
cnvironmcntal conditions during the 1992 and J 993 
growth cycle favored intcrmediate relcascd Cultivan; 
3 and 4 and later released Cultivar 7. Later releascd 
Cultivars 5 and 6 showcd positive interactions with ycar 
1995 be cause of higher maximum temperatures in Janu­
ary and March (MTJ and MTM). 

For bread wheat, total variability in minimum tempcr­
ature in December and January (mTD and mTJ) and 
sun hours per day in January and February (SHJ and 
SHF) was explaincd wcll by thc first PLS factor (>53%) 
(Table 2); mTD and mTJ had high positive loadings, 
whereas SHJ and SHF had high negative loadings. The 
first factor explained 24 to 48% of the variability of sun 
hours per day in Dcccmber (SHD), minimum tempcra­
turc in Fcbruary (mTF), precipitation in February 
(PRF), maximum temperaturc in Deccmber (MTD), 
and prccipitation in January (PRJ) (with intermediate 
absolutc loadings). For durum wheat and bread whcat, 
variability of maximum tempcrature in January and 
February (MTJ and MTF), minimum temperature in 
March (mTM), and precipitation in Deccmber (PRO) 
was not explained well by thc first factor ( <11% ). For 
breau wheat, the first factor did not explain as much 
variability in maximum temperature in March (MTM) 
and sun hours pcr day in March (SHM) as it did for 
durum wheat. 

The X scores and Y loadings for the first and second 
PLS factors obtaincd for thc bread wheat cultivars fol­
lowcd patterns similar to those for the durum whcats; 
that is, the first factor contrasted high vs. low yielding 
years, and precipitation and minimum tcmperatures vs. 
maximum temperatures and sun hours (not shown). 
Grain yicld of the earlier Bread Wheat Releases 2, 3, 
4, and 5 was more favored by sun hours in Decembcr, 
January and February and by maximum temperaturcs 
in Deccmber. January and Fehruarv 1990 , 1991, and 
1994 whcrca~ vicld Óf la ter Bread ·wheat Releases 6 
and 7 was mo;c positively associated with maximum 
tcmpcratures in March and sun hours per day in 
March 1993. 

Table 3. Mean grain yield (Yield)~ minimum temperature (mT). 
maximum temperature (M'I'), prccipitation (PR) and sun bours 
(Sil) for each of the ycars (llata Set 1) wben SC\'CD durum 
wheat cnlth·ars "·ere testcd. 

\'car Yicld mT MT PI< SH 

kg ha-• __ oc-- mm boun. 

1990 7509.4! 4.42 25.15 13.75 8.33 
1994 74/!I.Z 7.ZO 26.02 0.50 7.44 
199.1 6987.0 6.75 25-17 27.25 8.09 
1995 6243$ 7.77 25.97 21.50 7.1!0 
1992 5978.5 7.'i1 24.ZO 79.75 7.06 
1993 5742.6 8.17 25.Z5 22.25 7.15 

t Grnin ~ields in _~o·clli'S 1990, 1991, and 1994 "'·ere ~ignñ~Cantly difTerent 
frnm gmin ~·iclds in )'ean. 1992. 1993, and 1995 (P < 0.05). 

In summary, sun hours pcr day in February (SHF) 
was associated with a factor that explained a largc pro­
portian of GEl in both crops, and maximum tempera­
ture in January and in February (MTJ and MTF), mini­
mum temperature in March (mTM) and precipitation 
in December (PRO) werc associated with a factor that 
cxplained a small proportion of GEl in both crops. How­
evcr, other cnvironmental variables such as maximum 
tcmperature in March (MTM) and sun hours per day 
in March (SHM) were associated with a factor that 
explained more GEl in durum whcats than in bread 
whcats. On the other hand, minimum temperaturc in 
January (mTJ) and sun hours per day in January (SHJ) 
werc cxplained well by the first PLS factor in bread 
wheats but not in durum whcats. lt is apparent that 
yields of the earlier released durum and bread cultivars 
wcrc more favored than yields of la ter released cultivars 
in 1990, 1991, and 1994 because of sunnier weather in 
Dccember, January and February and lower mini­
muro temperaturcs. 

Data Set 2 
Explaining Genotype X Environment Interaction 
By Environmental Explanatory Variables 

For the 21 low rclative humidity (RH) cnvironmenrs 
and thc 12 high RH cnvironments included in the 
1HSGE, the cross-validation asscssment and thc F test 
indicated that only one factor was highly significan! for 
cxplaining GEL Thc second PLS factor hada prcdictive 
residual sum of squares (PRESS) slightly greatcr than 
for thc first factor. For thc low RH environmcnts, the 
first and second factors cxplained 27.4 and 8.2% of the 
GEl, respectively, and for the high RH environments, 
thc first and second factors cxplained JK75 and JL8ó% 
of thc GEl, rcspectivcly. 

For the low RH environments, the first PLS factor 
explained a large proportion of thc total variability of 
minimum temperature during the spike growth stage 
(mTS) (84.4% ), minimum temperature during the en tire 
growth cycle (mTC) (83.9%), and minimum tempcra­
turc during the grainfill stage (mTG) (68.9%) (Table 
4). These variables had the highest positive X loadings. 
Othcr environmental variables sueh as length of thc 
en tire growth cycle ( CYC) and sun hours per da y during 
thc grainfill stage (SHG) (with high negative loadings) 
and maximum temperature during the spikc growth 
stage (MTS) wcre also explained well by thc first PLS 

• • • • • • • • • • • • • • • • •• • • • • • • • • • • • • •• • • • • • \!) 

• • • • • • • • • • 
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Tablc 4. Proportion of total variancc of X uriablcs explained hJ-' 
the tirst factor and loadings of X cnvironmcntal variables for 
first Intemational lleat Stress Genotype Expcrimcnts (Data· 
scl 2) . 

Lol\ rcluthe humidif)· en,·ironment High rclath·e humidii}' cm·ironmenf 

Variable % ,·ariance X loading.1, Variable % ,·ariancc X loadings 

mTSt 84.4 0.4274 mTS 85.4 0.4%2 
mTC 83·.9 0.3969 mTC 81.5 0,48()(, 

mTG 68.9 03733 CYC 50.1 -0.43(,9 
CYC 52.3 -11.2921 SHG 44.4 -0.1812 
SHG 51.1 -0.4311 mTG 44.1 0.2704 
MTS 45.2 0.2332 SHS 41.3 -0.2343 
mTV 35.3 0.2283 M'I'V 40.5 0.1788 
MTC 29.5 0.1516 mTV .'\1.(, 0.2942 
MTG 14.5 ().](){)(, MTS 28.5 fl.J227 
SHC 9.9 -0.2564 SHC 24.4 -0.1742 
MTV 1<.9 0.0545 M'I"C 11.2 0.0092 
SHS 2.7 -0.1841 SHV 33 -0.0839 
SHV 0.0 -0.11840 Ml'G 2.2 0.0037 

t m y~ = minltnUin temperar ore during the !<>pikc gnmtb !<>fagc, mTC = 
mmunum tcmpcraturc during the cntirc grm~·th qde, mTG =mínimum 
tcmpcr.lture during thc gro~infiU !>tagc,CYC = lcngth orthc cntirc growth 

• qclc, SHG = ~un houn. per day during thc grainfiU ~tagc, MTS = 

• 

ma:~.imum temperature during the spikc gro"1h .!ttugc, mTV = mínimum 
temperaturc duriog thc ngetatiu~ stage. MTC = maximum tcmpcrature 

• during thc entirc gronfh qclc, MTG = maximum tcmpcralurc during 

• 
thc grainlill ~tage, SHC = ~un houn; pcr day during thc cntire grnwtb 
qdc, MTV = muximum tcmperdturc during thc vcgctath·c ~tagc, SHS 

• 

= ~oun houn. per day during thc ~pike grmt1h 1.tagc, SHV = swt bolll"!i 
()Cr day during tbe vcgctative !ttuJtc. 

• • • • • • • • • • 

factor (>45% ). On thc othcr hand, for sun hours pcr 
Jay during the vegetativc stagc, thc spikc growth stagc 
and thc cntire growth eyclc (SHV. SHS, and SHC) • 
and maximum temperature dming the vegctative staie 
(MTV) the first factor made a negligiblc contribution 
in explaining their variabilities ( < 10%) (Table 4). 

The biplot of thc first and second factors for thc cigh1 
wheat cultivars evaluated in 21 low RH environments 
showed that the first factor is primarily a contras! be­
twccn the scven highest yiclding low RH cnvironments 
vs. thc intermediate and low yiclding low RH cnviron­
ments (Fig. 2a, Table 5). This first factor clcarly sepa­
ratcs sun hours (SHS, SHV, SHC, and SHG) and length 
of thc entirc growth eycle (CYC) from minimum and 
maximum tcmperaturcs measurcd during thc diffcrent 

•• ,rowth s~agc~ (Fig. 2~). lt can he o.h~crvcd that cnviron-
lcnts w1th h1gh max1mum and mmnnum tcmperaturcs 

• are contrasted with environmcnts with high sun hours 
• and a long cyclc (Figs. 2a and 2b and Table 5): There­

forc. thc fu·st PLS factor showcd that h1gh y~eldmg cnv1-
• ronmcnts had more sun hours and longcr growing cyde 
• !han intennediate and low yielding cnvironments. On 

thc othcr hand, intermedia te and low yiclding environ-
• mcnt had lower minimum and highcr maximum temper­e aturcs than high yielding environmcnts. Conccrning thc 

cultivars, !he first factor discriminated Group l Cultivars 
• 2. 3, 5, and 8 from Group 2 Cultivars l, 4, 6. and 7 

(Fig. 2a). 
• Group l Cultivars 2, S, and H are concentrated in thc 
• uppcr lcft qu?drant of the biplnt and had positivc yicld 

mteractwn wtth cnvuonment'\ such as Decemher plant-
• ing date in Tlaltizapan, Y ears 1 and 3 (TLD 1 and 
• TLD3), Sudan. Years 2 ami 3 (SUD2 ami SUD3). and 

lnd1a, Dharwar. Ycar 2 (IND2) (Fig. 2a). The environ-
• mental variables that seemed to be positivcly affecting 
• the mtcraction of these cultivars in thosc cnvironments 

• • • 

v:crc sun hours during thc en tire growth cycle, vcgcta­
ltvc stagc, spike growth stage, and grainfill stagc (SHC • 
SHV, SHS, and SHG) (Fig. 2b). Grain yield had positivc 
correlations with sun hours (data not shown). Cultivar 
3 had positive interactions with environment.' TLD2, 
OBD.I, and !Nl4 because of long cycles (CYC), 99 d, 
125 d. and 93 d. rcspcctively (Tablc 5). On 1he other 
hand, Group 2 Cultivars 1, 4. and 6 showcd positivc 
yield interactinn with cnvironmentsNJG2, NIG3. NIG4, 
TLF2, SYRI, and SYR2 because. in general. thcsc cnvi­
ronmcnts had highcr minimum temperatures than most 
of thc othcrs (Tablc 5). 

For thc high RH cnvironments, the rcsults werc simi­
lar to that for thc low RH environments. The first factor 
cxplained 85.4 and 81.5% of the variability of minimum 
temperaturc during thc spike growth stagc and cntire 
growth cyclc (mTS and mTC) and both had largc posi­
tive loadings (Table 4). For length of the entirc growth 
cycle ( CYC) ( with high negative loading) the firs1 PLS 
factor cxplained 50.1% of its total variabilitv. On thc 
othcr hand, variabi1ity of maximum temperat~rc during 
thc grainfill stagc (MTG) and sun hours pcr day during 
thc vcgetativc stagc (SHV) were no! cxplained wcll by 
!he first PLS factor ( <4% ). For the remaining variables 
!he first PLS factor explaincd a intermediatc proportion 
(11.2-44.4%) of thcir total variability. 

Thc X scorcs and Y loadings for the first and sccond 
PLS faetors obtained for thc cight bread whcat cultivars 
and thc 12 high RH environments followed patterns 
similar to thosc for the Jow RH environments. thc first 
PLS factor contrasted scvcn high vs. five lm\; vicldin(J 

~ - " 
environmcnts ancl minimum and maximum tcmpcra-
tures vs. sun hours during the different growth stagcs 
and total Icngth of the entire growth cyclc (biplots 
not shown ) . 

In summary, for hoth low and high RH cnvironmcnts, 
the grcatcst proportion of total variability of minimum 
temperaturcs was cxplained by thc first factor. These 
data indicated that relative performance of cultivars was 
strongly influcnccd by differcntial scnsitivity to míni­
mum tempera tu res that varicd from 10.5°C to ovcr ló°C 
during thc spike growth period, depcnding on thc envi­
ronmcnt. Possiblc mechanisms are genetic differcnces 
in tcmpcraturc scnsitivity to respiratory carbon loss) 
as well as thc cffcct of temperature on ratc of spikc 
devclopmcnt. In both cases, cooler tcmpcraturcs would 
be favorable to spike growth, which determines yicld 
potential. Similarly. genctic variability for this tempera­
ture dependan! proccss would explain the cffect of maxi­
mum tcmpcratures on yield variability, though thc cffcct 
is wcakcr. Whcn comparing high and low RH cnviron­
mcnts, number of sun hours tended to be more critica! 
in dctcnnining rclativc pcrfonnance in the high RH 
cnvironments !han thc low RH oncs. This was prohably 
hccausc radiation lcvcls wcrc gcncrally lowcr ami, 
hencc. more of a limiting factor in high RH cnvi­
ronmcnt<.;. 

CONCLUSIONS 
Result' for Data Sct 1 showed that while numbcr of 

grains pcr spikc and biomass were associated with a 
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Tahlc 5. J\.lcao grain )'icld (Yicld), length of the entire gro"1h 
l'}'cle (CYC), minimum temperature during the entire growth 
qde (mTC). maximum temperaturc during thc entire growth 
.::yclc (t\'ITC) and son hours during the entirc gro"1h cyde 
(SJIC) for 21 low relathe humidit)' cm:ironments included in 
thc first lntcmational llcat Stress Gcnot)tpe Experiments 
(llata Set 2). 

Envinlllment 

OHIHt 
su m 
INI4 
TLIJ3 
l'LIH 
'I'LIJ2 
INIJ2 
SUD1 
TLIJ4 
INIJ4 
Tl.l-3 
Sl)J)3 
INIH 
n.Fl 

Yield 

kg ba~ 1 

5740.5 
5154.7 
4933.4 
4534.0 
4172..0 
4084.4 
4022.4 
3'17L4 
3613.8 
3563.4 
3458.6 
.U67.0 
3190.7 
2589.5 

CYC 

da'" 
125 
99 
93 

106 
99 
99 
87 
83 
90 
80 
82 
92 
82 
7K 

mTC MTC SHC 

__ oc-- hour.. 

10.30 25.4 8.40 
J.lJO 32.0 9_,0 
11.10 27.7 9.00 
10.88 31.5 9.20 
10.50 32.2 10.00 
11..10 30.5 8.40 
13.40 33.0 9.50 
16.20 35.0 9.50 
14.60 34.8 9.30 
17.70 33.5 9.20 
l.l.W .14.8 9.JO 
13.20 32.5 9.50 
15.40 3J.(i 9.80 
15.40 3().1 10.00 

ary as well as sun hours in January and February wcrc 
associated with a PLS factor that explained a largcr 
proportion of the GEl in bread wheats. Results indi· 
catcd that grain yields of earlicr rclcased wheat cultivars 
(durum and bread) wcrc more favorcd than thc yicldB 
of latcr released cultivars in 1990 and 1991 becausc of 
sunnicr weather during January and February. maxi· 
mum temperaturcs in Dcccmber and Fchruary, and 
lowcr minimum tempcraturcs. Grain yiclds of Jater rc­
lcascd durum and bread whcat cultivars were more posi· 
tivcly affected by maximum tcmpcratures in Janual)' 
and March and sun hours in March of 1993 and 1995. 

• 
NIG4 
TLl"'l 

2511.5 81 
2497.7 83 

15.40 32.2 
15.60 34.1 

8.70 
8.50 

Rcsults for Data Sct 2 indicated that minimum tem­
pcrature during the spikc growth stagc, cntire growth 
cyclc, and the length of thc cntirc growth cycle wcrc 
corrclatcd to a PLS factor that cxplained most of thc 
GEl in low and high RH cnvironmcnts. For both low 
and high RH cnvironmcnts, rcsults indicated that rcla· 
tivc performance of cultivars was strongly intlucnccd 
by differential sensitivity to minimum and maximum 
tcmpcratures during thc diffcrcnt growth stages. Sun· 
nicr wcathcr and the longcr cyclc in high yielding en vi· 
ronmcnts favored sorne cultivars; lower minimum and 
highcr maximum tempcraturcs in low yiclding environ­
mcnts favorcd another group of cultivars . 

•
A:un4 
~'IG.' 

MG2 
SYKI 
SYR2 

2200.7 ... 
1828.3 97 

16.90 35.6 9.50 
1550 31.9 7.19 

• • • • • • • • • • • 

1718.8 89 15.20 29.6 6.60 
1590.0 86 17.50 32.9 9.00 
1!64.7 gg 19.00 33.0 9.00 

t OUIJI: Ciudad Obregon., December., year 1; SUU2: Sudan, Year 2; INI4: 
lndillr lnrlurc, Ycar 4; TLD3: Tlaltí1.apan, Ueccrnbcr. Year 3; TUlf: 
TI:JIIilupan, IJccember, Yeur 1; TI.U2: Thlltin1pan, IJecembcr, Ycar 2; 
INI)2: lndia,l)harwar, Ycar2;SUUI:Sudan, Ycar I;TLD4:Tialtizapom, 
Dcccmbcr, Ycar 4; IND4: lndia, IJhanmr, Ycar 4: TLF3: Tlaltizapan., 
l<'cbruury, Year J; SUil3: Sudan, Ycar .1; INUI: India, Dharwar, Ycar 
1; TLFl: 'llaltizapan, Februar~. Ycar 1; NIG4: Nigeria, Year ~ TU"2: 
'I'JaUi1.apan, l'cbruary. Ycar 2; SUI>4: Sudan, Ycar 4; l\'IG3: l\igcria, 
Ycar 3; NIG2: Nigeria, Year2;SYR1: Syria, Ycar 1; SYR2:Slria, Year 2. 

factorthat explained a large proportion ofthc variability 
on GEl in both crops (>65 and >67% for durum and 
bread whcats, rcspectivcly), harvcst indcx, number of 
grains pcr square meter, and individual kernel growth 
ratt.: were explaincd wcll by that factor only in durum 
whcats (>80%). Convcrscly, days to anthesis aftcr 
cmcrgcnce, days of grainfill and days to maturity after 

• cmcrgcncc wcrc associatcd with a factor that explaincd 
GEl in hrcad wheat (>69%) hut not in durum whcats . 

• • n rclation to environmcntal variables, sun hours per 

Rcsults of this study indicatcd that thc PLS method 
was effective in rcducing information existing in fnur 
complcx multivariatc data sets. lt cffcctively dctcctcd 
cnvironmcntal and cultivar cxplanatory variables asso­
ciatcd 'Aith factors that cxplaincd largc proportions of 
GEl. In thcse data scts, scvcral gcnotypic variables such 
as yicld components werc highly corrclated: howcvcr, 
the PLS method dcals appropriatcly with this problcm . 
Furthermorc. the cross-validation procedurc and thc F 
test are uscful tools for dctcrmining the optimal numhcr 
ofsignificant components (factors) that are required for 
cxplaining GEL More rescarch is nccdcd for comparing 
thc PLS method with othcr statistical models such as 
thc factmial rcgrcssion modcl. 
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factor that explained a largc proportion of GEl in durum 
• whcats. Minimum tcmperaturc in Dccember and Jan u-
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Fi~. 2. (:1) Biplot of thc lirst and sccond PLS ractors rclues.cnting th~ X scorcs or 21 low rclati\'c humidity cm·ironments and the Y loadin~s or 
cighl whcat '"-ultinrs (1-M) from nata Sct 2. Emironmcnts are denotcd as 081>1 = Ciudad Obrcgon, I>cccmbcr, Ycar 1; SUDI = Sudan, 
Yeor 1: SUil2 = Sudan, Ycar 2; SUD3 = Sudan, Ycar 3; SUH4 = Sudan, Ycar 4~ NIG2 = Nigcria_, Ye1tr 2: NIG3 = Nigeria, Year 3: NIG4 
= NigcriH, Ycar 4: SYRI = Syria, Yc1tr 1: SYR2 = Syria, \'car 2; INI4 = India, lndore, Year .t; INJ>I = India, Uh~trwar, Year 1; IND2 = 
India, llhar"Har, Year 2_: IND4 = India, J>han-~·ar, Year 4; TI~DI = TJu)ti,apan, Dcccmbcr, Year J; TUl2 = Tlalliza¡Jan, Decembcr, Ycar 2; 
TI.IH = Tlaltizapan, I>ccembcr, Ycar 3; TLJ>4 = TJaltizapan, I>e'"-cmbcr, Ycar 4; TLFI = TJaltizapan, Fcbruary, Ycar 1; TLF2 = llalli:.mpan, 
Fcbruary, Ycar ~ TLF3 = Tlallil"..upan. Fcbruary. Year 3; (b) Plot of thc first two PI.S faciors represen fin~ thc X loadings or 13 em·iromcnlal 
n•riables mear.ured in 21 low relath:c humidih· em·ironmcnts whcrc 8 whcat cuJü,·ars werc enJuated (Datu Sct 2). Em·ironmental nriablc!i 
are dcnotcd a-o CYC = length or thc cntire g~wth cyde, mTC = minimum tcmperature during the entirc growth cyde, MTC = maximum 
tempcrature during thc cntirc gnmth cydc, SHC = sun hours pcr dll)' during thc cotice growth t"ydc, mTV = mínimum tcmperature during 
the ,·cgctati\·e stagc, 1\IT\' = ITIIIXÍUJUill tcmperaturc during thc \'Cgctuti\·c stagc, SHV = sun hours pcr day during the \·cgctative stagc. mTS 
= mínimum tcmpcralurc during thc !<.pike growth stage, l\ITS = ma:\:Íntunt tcmperaturc during thc spikc grow·th slagc, SHS = sun hours pcr 
day during the spike growth stagc, mTG = mínimum temperature during thc grainfill stage, MTG = maximum tcmperature during thc 
grainfill sfagc and SHG = sun hours pcr d»y during thc grainfill stagc . 
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APPENDIX 
BRIEF DESCRIPTION OF THE UNIV ARlA TE 

PARTIAL LEAST SQUARES REGRESSION 
ALGORITHM 

Thc itcrative algorithrn (Helland, 1 988) fnr rcprcscnting X 
and y a~ in Eq. [1} and [2] (for each vaJue of m) consists of 
thc follow ing ~teps. 

Stcp l. Write 

Eo =X 

and 

(31 
Stcp 2. Find t,., p,., and q., by induction. 
Thc basic point now is that each t,. is dc tcrrnincd as a linear 

comhín11tíon or the X ref>iduals obtaincd in thc prcvious step. 
In particuiM for m = 1 one wants 

(4} 
whcre w, is a k-dimensional weight ing vector. 

Bccausc it is dcsircd that t 1 5hould be híghly correlated with 
y. it i~ rca~onablc to make each tl'u componen! proportional 
to thc CO\'ariancc betwccn .xl and y. This i~ accomplished by 
taking t~'tt = xí.y, that is: 

w! = X'y [5] 
Thcn hy Eq. (3], thc Eq. (4] and [5) hccome 

t 1 = E~w1 

and 

w1 = E~f0 . 

Thcrcforc, for general m we havc: 

[6] 
and 

[7] 
Step 3. Fínd the p,. and q,. values from thc bcst possible fit 

of Eq. [ 1] and [2]. 
ror 111 = 1 thc bcst fit lo 

y= e, q, + r, 
ís gívcn by the regression coefficicnl 

when f.,= y. 

q¡ = (fót;)/(tit¡ ). 

In general for any valuc of m 

qm = (f~-¡f,.)/(t;,t,..) 
Símilarly. thc best fít to 

Xt = fJ!'kt + e~! 
ís givcn by 

Pu = (xft: )/(tít.), (k = 1,2, ... ,K) 

or 

p1 = (X't1)/(tít¡). 

By E 11 =X. 

[8] 

P1 = (En•:)l(t;t:) 

and in general for any value of m 

Pm = (E~_,t..,)/(t:.t,.) I9J 
Stcp 4. By Eq. [3] and for m = l. Eq. [1 ] and f2] become 

X = t lp; +EL 
and 

110] 
respectivcly, from wherc E1 = X - t 1pí and f1 = y - t 1q1• 

Aftcr $Ub/;tituting I:n and (,. in Eq. (JO] 

E1 = Eo- t¡pl 
and 

f: = (¡, - t¡q¡. 

rn general. for any \'aluc of m 

Em = E,_, - t,..p;, 
and 

fm = f,.._¡ - t,..q,... llll 
Stcp S. Rcpcat Steps 2 10 4 unlil thc conlribution of the 

ncw factor is small. 

PREDICTION 

To ohtain the prediction of ncw value~ consider that x0 = 
(xm, x,,z, .... x.~)'. a row vectol' in thc X matrix, is a sct of 
X-mcasurcmell!s in a new unit and dclinc t'c = :.:~ - x wíth 
x = (:\'1, . ... '\\)'. Then tbe ncw scorcs and rt:siduals are obtained 
as 

and 

e., = e .. -1 - t.,uPm 

Thcrcfore. thc corrcspondíng valuc Yn is pre<licted in step m 
by 

Ymu =Y + 2:,.~!~11 t .• uqm 

= Y + ¿m; l.M t.,u((n1m)-í t;ny 

MULTlVARIATE PARTIAL LEAST 
SQUARES REGRESSION 

Thc mcthod can be used for multivariate as well as univari· 
ate rcgrcssion, so therc may he scvcral dependen! variables 
givcn hy lhe matrix Y = fy, y2 •. •. , )'11. say. To form a relalion 
bctwccn the Y var iables and cxplanatory variables X = [x" 
x1 ..... "•] similar to thatof Eq. [ 11 and [2]. thc X and Y matrices 
can be written as 

X = l ¡p~ + ·~p; + ... + tMp~, + E~; 
= TP +E 

y = t¡qí + t~qí + ... + tMq~¡ + FM 

= TQ + F 

Whcrc thc qm are now L-dimcnsional vcctors called 
Y·loadings and F.,. is the residual matrix. 

Aastvcit and Martcns (1986) gi\'c5 details of the two diffcr-

• • • • • • • • • • • • • • • .: 
• • • • • • • • • • • • •• • • • • • • 
~ 

• • • • • • • • • 
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cnt multivariatc PLS algorithms. Onc algorithm yields non 
orthogonal scores T and thcrefore rcquires a multiple linear 
regression stagc to estímate Q. The other algorithm contains 
an extra step in order to orthogonalizc thc scores T and thcrehy 
simplify the cstimation of Q. Thc two algorithms yield the 
samc final prcdiction rcsults. The orthogonalizcd algorithm 
yiclds a set of orthonormal loading vectors \\' and a sct of 
nonorthogonal Joading vcctors P. Thc advantagc of this or­
thogonalizcd algorithm version is that the parameters can be 
estimated for cach factor scparatcly. since both W and Tare 
orthogonal. Hcncc, no matrix invcrsion is rcquired. GENS­
TAT procedure uses thc orthogonalizcd algorithm. 
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IRelationships among Bread Wheat Anternational Yield Testing Locations in Dry Areas 

Richard M. Trcthowan,* Josc Crossa, Maarten van Ginkcl, ami Sanjaya Rajaram 

ABSTRACT 
Undt•r.\hmding thc rclalinm;hip among yicld lcslin~ lm'111ions is 

imporlant ir phtnl hrt.'Cdcr!'l nrc in ln~t'i gcrmpla~m bcUcr in diffcrcnt 
produdion en,.·ironmcnls or rcgiuns. To cxmninc lhc rchtlionship 
umon¡.: intcrmUional drnught prunc fcsl sitc!<., )'icld dal:1 frmn 122 
loculions, s4mn durin¡.: a (l-)"'1' pt~riod iu CIMMYT'.Ii. Scmi-Arid Wht~lli 
Yicld Trial (S¡\ WYT) wcrc umdy¡,cd. Thc ,..,hificd multilllk&din! modcl 
(SHMM) "·us uscd tu w;ruu¡l lncnlions "ifhin cat•h )'t~llr and puUcrn 
am11,·.~i.' "ll'i c•nph')·cd lo ¡.;roup tho,.,c .'iiiC."i acrn.<i.'i ,lcu.r .... Sitc . ., "ere 
groupt.'tl inln rt!gions rcprcscnfing ihc nmjor :~oncs ur ~tdupl:dinn lo 
drou~hltlccurdin~ to (:JM :\1 \'T's dtl'i..~ifkutiun of mcga-crn·ironmcnls. 
R~.,ulls spunnin~ Jl)tJ2 lo 191.n n·crc SUIIllllllfiJ:cd nn lhc bu.\i~ or thc 
numhcr nf lime~ u partit'ular !<ioilc nr r~ginn du!<iolcrcd nith thc lnrgcl 
rcgion, \\hich \\ll~ C\pfCSSCd llS ll fnu:tiun Of pcrCCilhi)!C of lhc lolnl 
numbcr of pussihlc ~roupin~li. Rcsulis indicatcd thul lhc Centro de 
lmc~li)!:u·ioncs Agrkulus dt.•l Nnrocstc (CIANU), CIMM\'T's pri-

• mary drou~hl emlu11tion loc11tion, clu~tcrcd "ilh lm·ulions in Soulh 

•

·\ ... ia, ~pcdlicully India and Hangladt~~h. Hm\C\Cr, lhc numhcr of 
• lu!<oll'r~ hct"c<.•n CIANO und othcr Mcxican lol'lllinns nilh Wc111 

• • • • • • • • • • • 

A~i:1, Afric11, nnd Suulh AmcrÍl'll \\(•re fcncr. Thi!<io rc~ull suggcsh 
thal thc rc~id1mlmuislurc stress ucncmtcd ut CIANO undcr limilcd 
irrigation condilions. "hile rclt.•nml lo cquh·:tlcnt silcs in thc ludian 
Suhcnntincnl, ducs nnt prt'dict pcrfurmuncc ttlloculions whcrc diffcr­
cni .'lfrc.~s JliiUcrns ¡ncdominnic. A .... 'indalions nnum¡: 11iics und rc¡:iuns, 
dctcrmincd on thc husis or clush!rin~. run~cd rrom wcnl.: (7% or lot11l 
pos..,ihlc groupin¡:-" in thc ettM: of Mcxicu and thc Snuthcrn C..:nnc nr 
South Amcrk11) to relnth·cl~· sfron~ ((,(1% fnr Mc~cn und Runglu­
dc!rih). C..:lu.o;lcr.'i ohih!s rt>pt!tdt!d in more ih1m onc JCUr indil'atcd luo 
domimmt J::tnup.'l. onc for South A~ian localion~ (induding O.\ NO • 
Mcxiw) :md ar10thcr runh1ining prinmrily Soulh American .'lilcs. 

D ETERMT;-.IINfi the rclationship among divcrsc yicltl 
testing cnvinmmcnts and thcir degrcc of associa­

tion is valuablc in hdping plant brccdl.!rs hctter targct 
gcrmplasm to rcgions of hroad or spccific adaptatíon. 
Thc whcat (Trilic~wn ae.Hivum L.) hrceding program 
of thc [ntcrnati~mal Maizc and \Vhcat !mprovcmcnt e Ccntcr (CIMMYT) has dcvclopcd and dcploycd thc 
Scmi-1\rid Whcat Yicld Tria! (Si\ WYT) in many diffcr­

• • ,nt cnvironmcnts around thc world sincc 1992. This e nurscry is compriscd of advanccd hrcad whcat Jincs hrcd 
for to1crancl! to moüaurc stress. 

• CIMMYT's key drought evaluation site is loeated at 
• thc Centro de Investigaciones /\grico!tts del Noroeste 

(CI/\NO) in nmlhwcstem Mexico (27"20'N aud eleva-
• tion 3H m ahovc sea Jcvel). Undcrstanding thc rclation~ 

• 
shíp betwecn C!i\NO and key dry Jocations around 
thc world is critica] if wc are to propcrly assess thc 

• cffectivcncss of this typc of sclcction and cvaluation. It 
is also impnrtant, particulnrly for CIMMYT's regional 

• coopcrators, tn link thc performance of cJiffcrcnt Jry 
• locations and rcgions from around thc worlcJ with thcir 

• • • • • • • • 

Wh~.:at f'rognun.lntcrnational Maiz~.: <llld Whcat hnprovcmcnt Cctll~o:r 
(CI~vlMYT) Apdtl. Pn.'ltnl ó-641. t}MW ~1cxietl DF. i\·h:xietl; J. Cn1~~n . 
Bíumctric.' and Stati~tic.' Unit. CIMMYT. Rcceived 7 Sept. 2fXlO. 
·1 ('orrC!>Jl•HH.ling nutlhll" (r.lrt!lhowan(l.!'cgillr.org) . 
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own environmcnts. Othcr authors havc statcd thc im­
portancc of targeting gcrmplasm to spccific cnviron­
mcnts (Pctcrson and Pfeiffcr, IYH9) and incrcasing thc 
cff:iciency of yicld cvaluation through thc idcntification 
of kcy loeations (Ahdalla ct al., 1 946). Rcgions with 
similar dominant moisture stress pattcn1s are thc South­
cnl Conc of Sonth J\mcrica. North Africa-\Vcst Asia­
Southcm t\ftica, and dry arcas in South Asia (Rajaram 
ct al., 1994; Calhoun et al., 1994). 

Two typcs of multiplicativc modcls have hcen used for 
studying gcnotypc X cnvironmcnt intcraction (GEl) and 
for devcloping mcthods for clustcring sitcs or cultivars 
into groups without crossover intcraction (COI) (Cor­
nelius ct al., 1992, 1993; Crossa et al., 1993, 1995, 1 996; 
Crossa and Cornelius, 1993, 1997; Osman ct al., 1997). 
Thcsc are the shiftcJ multiplicativc moJel (SHMM) 
in which J;1. = ~ + ~~=J A~; lY.rJ. 'Y1A + E;¡. (Scycdsadr ancl 
Comelius, 1992) aml the sitc rcgrcssion modcl (SREG) 
in which Yii. = 1-'-i + ¿i l x~. Cí.¡;. 'Yp. + E;¡. (Cornclius ct al., 
1996). Thc variable )i1;. is thc mean of thc ph cultivar (i ~ 
1 ,2,, .. , g) in thc /" cnvironment (j = 1,2, ... , e); [3 is thc 
shift parmneter; 1"¡ is the site mean;~~ (~ 1 ~ ~, 2: .•. ;, 

1\1) are singular valucs that allow thc imposition of ortho­
nonnality constraints on thc singular vcctoni for culti­
vars, ct1;.. :::::: (a1A, ••• a(~) and sitcs, "/;~ = ('y 1 ~ .... "!ti.), 
such that 2-,uh = 2.¡-yj~, = 1 and l:,(Y.1J..<'í;~· = }:.¡'Y¡~-y1~: = O 
for k =1=- k'; E,¡. is the residual error. 

lf SHMM and SREG moJcls with <me multiplicativc 
componen! (SHMM1 and SREG1) are adequate for fit­
ting thc Jata anJ primary effcets of the si tes, "1,1, al! nf 
likc sign, thcn SHMM 1 ami SREG 1 prcdict non-COl. 
Thus all cultivars should havc consistcnt pattcrns of 
response across all si tes includcd in thc analysis (Crossa 
and Corndius, \997). On the contrary, if ~11 are of diffcr­
cnt signs, thcn SHMM 1 and SREG, modds prcJict COl, 
that is, cultivar ranking in thc sitcs with négativc ~¡1 
are the rcversc of thc cultivnr ranking in thc sitcs with 
positivc .y¡, . 

This analvsis has hccn uscd to cJctcnninc cnvironmcn­
tal suhgrouPs nf larg~.: numhcrs of si tes ~own to thc saml.! 
set of eultivars (Fox ct aL, 19H5, 19'!0), Howcvcr, trials 
conductcd ovcr many ycars frcqucntly contain unhal­
anced scts of cultiv~trs as hrecdcrs con.stantly rcplacc 
lincs with ncwl.!r matcrials. In this instancc pattern anal­
vsis, a comhinati{m of classification and ordination anai­
YscS has hecn succcssfully cmploycd (DcLacy and Law­
rencc. 19HX; Pctcrson and Pfciffer, 19H9; i\hdalla d al., 
1 996). Thcsc tcchniques ha ve bccn uscd to examine thc 
association of locations to ClMMYT spring br~aO whcat 
gcrmplasm (DcLacy ct al., 1994). Howcvcr, all thcse 

Ahhre,·iations: CIMMYT. lnternatitmal ~1aizc and Whcal lmprov~.:­
ment Ccntcr; SAWYT. Semi Arid \Vhcat YicldTrial; CIANO.Ccntn1 
de lnvcstigacionc .... A~:tricoht!<o Jcl Norocstc: GFI. gcnotypc X cnvirun­
mo.:nt intcractitln; COl, ~nl.\.\tl\'c.r intl•ractitm; SHMM. shiftcd multipli· 
cativc modd: SR F.C . .'oite rcgre ... ~ion modcl; SF.D. !iquarcd F.uclid­
can dístancc.'> . 
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IIUI!iCn' Standard ~i~t~~ir .. :~o• • Negío11 Site aod counc,_ llwztbe"r l."tilnde Ah ilude ) 'icld onunt de•·bnnnt dt•ca.,e§ 

m 
Soulheo-n /\frica 

M~tw ·• • J Small Grain lo~1. (S. Arria) I.S.6 28"12'5 1681 l.4l-S.02 0..52-41.66 1..5 • 2 '-'•nggc"-cos (S. A Cric:~¡ .l 3J' I7'S 9.1 4.49 0.73 
) Morcd<ua (S. :\fria~) z 3J'III'S 1!2 2.81! 0.68 • 4 Gwcbi (7.imhab.,·c• 2 17"41'S 14-ll! 4.81! 0.59 

Norlh Mriru • S G~Íill (SIIdan) 1 14"24'N 411 2.~11 0.66 
6 El Khroub (,\lgerial 1 ~'N MO 3.56 0.42 • 7 Sidi-Sel-1\bbes (AJgerial -~ J!'"I7'N 4113 ~.29 0.81 
8 Z11hri>l (Algeria) 1 -~·36'N 980 0.60 0.17 
9 Kloemt.-1\'litiaoa (Aigeria) 2 Jli• ls'N l39 3.32 0.48 • 10 AÍll El Hadjar (~erial 2 1.37 0.34 
ll Relli-Siimaoe (Aigeriu ¡ 3 J6•J4' N 600 2.59 o.43 • 12 l"nwila (EBYPI) 1,3 30'~'!'10 JO 2.119, J.n 0.77-4.84 3 
J3 F.l Qasscr (Egypl) z 31"20'N 2 I.JI 0.41 • 14 lloulifll (l'wtil.i~ 1 31i"38'N 350 4.12 6.3.1 

J.:a,t t\ fric11 • IS Ki!>OZÍ (Huruncli) 5 3"Jl'S 2090 I.J4 037 
16 IWBRC-Njoro (Kenya) S O'lS'S 2165 4.111 0.61 5 • 17 Bcmbekc (lltalawi} 6 14"10'S 1560 0-48 0.10 
Ul Holeila (l•:thinpiu) 6 9".J' N 2400 Z.94 0.8~ •• 19 Simba ('fanuoia) 6 JOB' S 1750 2.711 0.40 
20 Lyomuugo (Tanzanía) ·' J•t4'S 1280 2.011 0.33 • Wcsl ;\sia 
21 SPU Ccreul Hes. IIL\t. (lran) 2 35"5CYN ll2J 5.56 0.75 • l:Z Zabak-ubol (lran) 2 .)()"S..~' N 493 4.114 0.117 
23 ,\h .. .,. .. (lrao) 2 .Jt•J7'N 20 5.07 0.89 
u Gonbad (lmo) 2 37"16'1" 76 4.19 1).71 • zs Ra101 ha (J onhlrt) 1 JZO~'N 520 1.61 0.24 
26 Rawdlll Hllrllla (Qatar) 1 25"48'N !'O 4.13 0.95 • 27 ICAROA l'ti·Hadya (Syri~) 1,5 J(í•J'N .2fl2 2.2(). 4.19 0.57, 0.61 
28 Sllcsham B~ (MeJ!.arti~bn) 2 :w•zs'N 552 .u;s 0.44 • 29 Al Kharj (Soludi Ar:abia) 2 Z.SO.IS'N sao l.SII 0..58 

Central A•ía • .H .\ lunola11 (Ka~llk!>la••) 4.5 51"10'N 300 13~ • .1.04 0..21. 0.33 
Souch A•la • 32 DÍllajpur W.R.C (8anglad~bl 1..5 25"38'N 311 4.1)4, .l.29 0.88, OA7 

JJ Rojsbahi (Baaglucl~sb) 2,3 24"22'N ~~~ 3.42, 3..36 0.211.6.51 • :w Bh3iraltawa (Nepol) 1,2.3,4,5 27"6'N 105 1.39- 2.25 0.4Z.:.O .35 
3S lstamabad (PuJ,;Isfun J 1,4 33"45'!'10 61!3 4.41, 3.62 0.47. (/,6() • ~(1 Sariab (Pakisfan} 2~~ 30"12'N ltil)l) 0.94., 1.52 0.16, 0.32 
37 Pirso balo; (}'akhtan) 5 3.l"59'N .l-&11 3..'\6 0-~ • 38 Whcat Res. IR>t. (Pllki.<,(a.n) 4 31"'2S'N 117 3.00 0.87 
39 6ar.mi (PaLisla.o) 4.'1 32"56'N 490 2.36 o.25 
40 Oero lsmail Kba.a H'akistlll'l) 2,3,4,5,6 JI" SO' N 290 0.52- 2.75 0.24-0.SZ • .. , Ourgapura (lndía) J 26"58'N 450 2.00 0.43 
42 I>WR-Karual (lndiaJ ·' 29"40'N 300 5.65 0.69 • 4) Vijapoar {India) 3 23"35'N 12ti 2.59 0-52 
44 PAU-Ludbiana (bdia) 5 ~S6'N 247 4.6R 0.66 •• Eos1 "'ia 
45 Sao·l'at·l'o"' (Thaa3.11d) 3,4 111"311'1'1> 300 0.88, 0.97 0.14, 0.34 • 46 Su\OIID 1-'arm (Th3iJand) 3 14"40'1\i -~ 3.84 0$7 

"' SaomJc:ng (Th11Hand) " )11"17'1\i 1120 .us 0.86 • 411 l'ang Mu Pba ('lbai.land) 4 19"28'1\ .5(i0 -1.1111 0.49 
!lóonh ,\mcrku • 49 CIA NO (Mexioo) 1.,,4,5$ 27"20'!'10 38 2.611-4.14 0.41-&.23 

!iO El Bwtan {M~) !1 J9"31 '!1i 2249 3.6!1 0.64 • SI Mixtcca Oanca (Me.w.ico) 3,4 17"33'!'10 2250 2.71, 1.80 0.51,0.44 
Sl Tcc:amac (Mexico) ti 19'43'N 22(.0 2.64 O.IIZ 
S3 Tincar1ue (J\Io:JiÍCII) ti 19"45'N 2300 :Holl O.S2 • 54 San t·r.mc. Atizupa11 (1\tc~iro) 5 19".16'N 2.640 3.41 0.45 
55 Kemen Reh l-'arm (Canadll) 2,3.5,6 S2"9'N 497 4.14-5.?3 OAl-41.63 • 56 Swifl Curreol (Caa&d.a) 2 50"11'!'10 1125 3.J(. 0.25 

Sooalhero Cone ~ 57 fkla Visto {Bmzil) f l.l"''S 6111 2.07 6.38 
58 l.<111drina (Bna.ilj 2 l3•2l'S 54Cl 3..21 0.41 • 59 CNP -Soja ( Brazill 2 23"12'S 620 4.06 0.56 
60 Pcr-guiDÍilD (:U;cntÍlla) 1.\.6 33•56'S 65 2.77-S.OJ 0..52--&.23 ~ • 61 Man:os Juare-• (Argeotinll) 1;.Ú,5,6 32°42'S IJO 1.19-2.79 0~..38 
62 Tucwrmo-Obispo (Argcnlin~) 1/> 26"48'5 4loO J.D, 2.47 0..21, 0.42 • 6:\ Uordena•·c (ArgeniÍlla) 1 37'51'5 212 5.12 0.99 
(..a !'arana (Argentina¡ 1 JJ•.so·s u o 2.03 0.12 • 65 C11rdohu ( ;\<¡:enlín:~) 2 JI" 30'S 425 0..38 o.ts 
66 La 'Jíjereta (Argentina) 5 32-s'S 200 2.l(i 0.56 5 

Continu~-d nc::d pa&c. • • • • • 
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Andc~o Rccion 
67 
MI 

Ccntrnl Arncri<'U 
69 

Sourhcrn Europc 
70 
71 
72 
73 
u 
75 
7& 
78 

Eru.tcm l~urope 

Sitc atld cnuntry 

San llenito (Bolh,iul 
SC3. C:\i:lli11a (l•:c.MaÍior) 

Zlllll<lrauo (Houdttru~) 

Gimeoells (Spaiol 
1.1 .Mojonera~ (Sp»in) 
Ca11. de In•·. ,\ grario (Sp~in) 
Tnrregn~a/Bcfloc (Spuut) 
Cortjjo Torre•uelu (SpuinJ 
l.u Ordu (S(llli• l 
Tobi;e¡¡J (Spui.n) 
Kenil.iko 'fbenni ( GrCJccc:) 

t'lYilflltl 

SAWYT 
nurscry 
aumber l.uti1ude 

1,2..3,4S.G 17"JO'S 
1,5 ll"2Z'S 

4 14'tl'N 

S .st•.1S'I" 
1 39"58'1\" 
2 37"21'1\" 
2,4 41'35'1'( 
2 37"38'~ 
4 3Sr.I'Y~ 

" 4 W .\II'N 

SAWlT~ 
reportiug 

Stund•nl ~i:;nifit.';lltf 
•\hítuctc Yield mcllllt II<! I'ÍYIÍIIII+ ~ i~C>I>C§ 

2734) 0.88--3.511 11.'14-0.72 .. 
lOSO JJ!í, 2.95 11.44, 11.3.~ .1 

H05 1.16 0.27 

290 4.16 0.67 
220 ~.28 o..&9 
6.50 4.35 0.43 
200 4.1!1!, .l~l 0.69, 11.75 
7l 0.96 0.14 

2~0 3.311 0.69 
4.19 1).51) 

38 3.52 0.41í 

• • • • • • • • • • • • 
79 S•eged (Huug2ry") 1 4l'i"'l 'N Hl) 
80 Odc'!>ll (Ukrainc) J 46'l7'N 34 

4~\0 
3.48 
1 .1~ 

0.411 
OJU 

81 Kharki• ({)kruinc) 4 .'ill"O'N 170 
82 ~ring Whcnt la\;. (J(tt."íu) 3,4 5.\'I'N 47 ~~~'' 1.54, 2.70 11 ... }7, o .. n 

• T otal ~ite• 122 

-

Wben more Iban two SA WYTs are so,.·n ut the ~ume •ilc io dilferent ~·ear.. a ~icld rnnge is pre.cnted. 
• . Whcn mure thlln lwo SAW\ 'T are so .. ·n ut tbc ""me sit c thc ~tandard dc•·iaticut~ ur Che ln"e~t ~otd highe~t ~iclding >itcs ore p~ntcd. 

~ Ui-.ca•c.• rcpmtcll indudcd >tem, rc~r and )tripe ru11 wnd Stpruria trifici . • • • • • • • • • • • 

11 Altmnla ha> ·~~eAIIy Lxoco rcnamcd ¡\ )llillll • 

cultivars werc dcvclopcd for irrigatcd conditions, and 
si te associations wcrc determincd across hoth irrigated 
and lnw rainfall conJitions. Thcrc has bccn no such 
attcrnpt to classify global drought locations sown to 
cultivars spccifically dcvclopcd for performance undcr 
moisturc lirníting conditions. 

The élim of this paper is to (i) examine thc relevance 
of sdcction undc r tcrminél l moist m c stre~s :11 C l !\NO, 
Mcxico comparcd to the primary d rought affcctcd tar­
gct arcas around thc world and (ii) examine thc as~oci­
ation among intcrnational testing locations whcrc thc 
SI\ WYT nur~cry is plantcd. 

MA'TERIALS ANO METHODS 

Locafions and Culth•ars 

• Yicld data fro m a total of 156 locations wcrc rcturncd from 
thc SA WYT bclwcen 1992 and 1997. A total of six yield nurs­

• • ríes (SA WYTs 1--6), cach compriscd of 30 lo 50 cultivars, 

• 
were sown. Although most cultívars vt~ricd from ycar to year. 
a loca l check cultivar rcprcscnting thc bc!\l locally adaplcd 
gcrmplasm was included at e.ach site cnch year. The local • • • • • • • • • • • • • • • 

ch<:ck cult ivar varicd nmong Jocations and in somc instanccs 
chnngcd bctwccn years at the samc locat ion. AJI lrials were 
!\Own as two rcpl icatc a1pha-1at ticc dcsigns (Barrcto el al., 
1997). Yidd data from each lrial wcrc nnalyzcd hy SAS (SAS. 
J 9l\N). Gcnotypc~ wcrc con$idercd fixcd cffccls and rcplica t~ 
and subhloch withi n rcplicalcs liS rundom cffcc\s. Adjusted 
me<uts wcrc calculatcd for subsequenl SHMM and pattcrn 
analyzcs. T rials wcre sown undcr a rangc of diffc rcnt rnoisture 
conditi<Jns. A silc is defmed as a locntion/vcar occurrence. 
J·ligh yic lding irrigated Jocalions (arbitrari ly 'ctcfincd as !hose 
with mcans ahovc 6 Mg ha-1 ) wcrc removed to cnsure that 
the remnining :;itcs wcrc rcprcscntativc of thc potcntíal yield 
rangc in most water limited loculions. To cnsurc clusters among 
locatio ns wcrc hiologicaily based and not artcfactual, only 
thosc ~ ilcs indicating significan\ diffcrcnccs among gcnolypc!'. 
r<'gardlcs~ 11f thc sizc o f thc cocfficicn t. of va1iation, wcrc 
ret:üncd giving a totalnumber of 122 si tes (T;Jhlc 1 ). D íseases 
scored wc r.: s lcm. lea f. and stripc rust (causcd by Puccinia strü­
[ormis f. sp. hordeii) and Seprori(ltritici Robcrgc in Dcsmaz. 

Thc sitcs were groupcd ín to scvcn rcgions rcprcscnting 
norlhcrn. southem and eastern A frica, Wcst Asia , Soulh Así¡~ 
lhc Southcrn Con e of.South Amcrica, uod Mcxico. There group· 
ings rcpn:~cnt rcgions lmfferingsnmcwhat lliffcrcnt stress pat· 
tcrn~ as uctcrmincd on 1hc basi~ nf lnng-tcrn1 wc<~ lher rccords. 
North Africa, Wcst Asia, and Snuthc rn A frica gene rally e.xpc­
ricncc Mcditcrranean or postanthcsis moislure stress; South 
Asia cxpcricnccs residual moí~turc stress; ¡1nd thc Southcrn 
Con.:: predon~innntly prennthe~is stress ( Raj:\ram et aL !994) . 
Rainfall rccords were incomplctc for a majority of locations 
during lhc years in which the SA WYT w<JS grown. for this 
rcason wc rclied oo long tcrm regional raínfall averages to 
determ ine into which broad catcgory a panicular !;ile fel f. To 
pro"idc ~cparatc com parisons of nll mhcr rcgíons wíth thc 
Mcxican e'•a luatíon sil es, lhc lattcr wcre classified a:; a d islincl 
rcgion. Many locations. particufarly in Wcst Asia and North 
Aflic.1. wcrc sown lo the SA WYT t ríul o nly once during thc 
6-yr pc riod. ror this rcason individual trials within thc~c rc­
gions wcrc considered co!lcctivcly in comparisons with othcr 
rcgions and locations . 

Gcrmplasm entering the SA WYT was developed in Mexico 
by shutt ling scgrcgating matcrials hctwecn lwo conlrasting 
moisturc regimcs (Rajaram c t al.. 1994). At ClAI\'0 severc 
terminal moisturc stress was gcncralcd during the wintcr crop 
cyclc hy gravíty irrigating preformcd bcds 1.4 d prior to sowíng . 
Scgrcgating and udvanccd liocs wc rc sown in Novcmbcr on 
:1 rcccding moisturc profilc with no suhsequent irrigation . 
Twcnty-year avcmge annuaJ rainfall for thc cropping period 
Novcmhcr to Apri l is 4B.2 mm. Mntcrials were harvcstcd in 
April and sown in May at Toluca in thc central Mexican 
highlands (l9"16'N and 2640 m ahovc sen leve!) which reccivc 
approximatcly 800 mm of annual prccipitation. Under this 
cnvironmcnt. materials are sclcctcd for rcsponsiveness lo 
moisturc , nutricnt input~. a nd rc~ístancc to di~casc . 

Analysis and G rouping or Lo~<dions 
!\1ultiplir.ath·e Models for Clusterin¡; Sitcs 
Withnut Crossonr lnternction 

In various sitc-dustcring proccdurcs dcvclopcd on thc basis 
ofS HMM or SREG {Comeliu~> ct al.. 1992: C rossa ct aL 1993: 
Crossa and Comelius, 1997). thc mcasurc of distancc (i.e .. dis-
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similarity) between a pairofsitcs is thc residual su m ofsquares 
(RSS) alter filling SHMM1 or SREG1• RSS(SHMM1) or RSS 
(SREG1). respectivcly. The dichotomous splitting proccdurc 
used on thc dcndrogram obtained fromSI IMM cluster analysi.s 
facilitatcs finding groups with negligihlc COI within clusters. 
Computations are facilitated beca use thc sitc rcgression modcl 
wíth onc multiplicative term can be rcparameterized as a shiftcd 
multiplicative model with onc multiplicative componcnt. In 
this stuUy. the SI-IMM clustering proccdurc for grouping sitcs 

without COI (Crossa et al., 1993) was applied to cach ofthc six 
SA WYTs, and clusters of sil es with negligible COI wcre found. 

Pattern Aualysis 

Pattern analysis is the clustcring and ordination of si tes ( nr/ 
and cultivars) in thc two~way data table ofcultivars X sitcs.ln 
this study, the data u sed wcrc thc threc~way table of cultivar X 
sitc X ycar. It was assumcd that cultivars in any givcn ycar 
wcrc a rcpresentative samplc of the gerrnplasm under cvalua~ 

Table 2. Summary of regional associations from dendrogram.'li generated for each SA WYf. 

Number of grouping~ with ~he region/Totalnumber of pru.sible groupiugs 

Mc~can Region 

Sitc!ot CIA!"'O Semillas Mh:tec-.J AüLapan El Batan Temacac Rancho Total 
s~mgladc!oh 416 011 1/1 111 011 IJIO 
India 214 213 011 1/1 51') 
.~ou~h A.<.iu 9/25 013 4/ll 217 1/7 Oll 011 Ui/55 
l!ratil 114 lVI 0/1 111 217 
South Al'rku 1/.l 0/l lll IV! lVI 217 
N e pul 1/4 lVI 0/2 l/1 011 2/9 
Mexico 217 011 1/2 1/2 0/2 012 0/2 4118 
N. Africa 1/8 213 0/3 3114 
Koli,·W 0/5 1/1 0/2 IV! 011 0/l 1/1 2/12 
Argentina 3124 115 0/6 lUZ 0/2 0/.l 2/3 7/45 
Spuin l/6 0/2 1/3 011 lVI 2113 
l'ak¡.,h:au 2111 0/1 115 0/4 014 0/l 011 3!27 
We.<ot Asia 114 013 011 011 11'1 
Total 281111 5/23 11137 5/22 2122 01'1 319 

South A,;ian Region 

Si te~ Banglad.. Pakil.tan Nepal ludia Total 
Katak~lml 0/2 7(12 113 0/2 Kll9 
Soutl1 Al'ril~a 012 519 0/4 214 7/19 
Uangladcsb 019 3/4 214 5/17 
Mexico 416 3123 1/K SIK 13145 
WcstA!>ia 4110 3121!. 4111 011 13/50 
lndin 214 tn 0/4 216 5121 
Argentina 1/10 9/25 1/ll "" 13/54 
ümada 013 419 0/3 0/4 4/19 
Soulb A!oia 5/17 7/56 3121 5/2[ 201115 
N. Afric-c~ 1/ll 2117 4/11 019 1!/48 
llolh·ia IV4 3114 015 114 4127 
Spain ll5 4124 11'1 Oll 6139 
l'i"cpal 314 0(.13 IV4 .l/21 
Pat...i .. tun IV9 (J27 0/13 l/7 7/56 
Total 22187 54/273 181107 20183 

Wcst Asian Rcgion 

Sites lrnn Jordun Qatar Syria Afghani Saudi A. Total 
lbngladc!oh 014 1/1 0/l 112 111 111 4110 
Ne¡ml 014 1/1 011 I/2 011 0/1 2110 
South Asia 2120 213 0/3 3110 1/5 J/5 914ft 
We!otA!oia 013 I/2 0/2 112 116 l/6 4/21 
N. Africa 1/12 115 1/5 115 1/3 J/3 6133 
Algeria 118 0/2 012 0/2 1/2 112 3/lK 
,'\1C.\ÍCO 0/2 112 014 IJlj 
J•aki~tan 2112 lVI 0/1 J/5 IV.l 0/.l 3!25 
South ,\frica 1/4 lVI 011 0/2 0/1 0/1 1110 
Argentina 014 015 015 on 111 1/l 2123 
Spain 1Vl2 0/2 0/2 IV3 1/3 113 2/Z5 
Hrulil 0/8 011 111 lVI 012 0/2 1115 
'l'otal 7/91 (JU. 3126 1!/45 7128 7/2K 

l'lorth Afrimn Kegion 

Sitc!o Sudan Algeria Egypt Tuni!oia Total 
Nep-.11 IV1 116 113 111 3/11 
Spain 012 3110 215 012 5/19 
Argentina 015 5/lb 218 015 7134 
Uangladc!oh 011 116 013 lll 2111 
Uolh·in 011 216 013 lVI 2/11 
Sp:tin 0/2 2110 218 IV2 4/22 
Ur:uil 1/1 016 113 011 2/ll 
Wc!ot A.<.ia 1/3 3120 0/17 213 6/43 
South A!oia 013 2128 3118 213 7/52 
N. Africa 11'4 3116 1/10 IV4 4134 
Puki!olan 0/1 OliO 219 lVI 2/21 
South ,\frica 0/1 0/fi 113 0/1 1/11 
Me,ico I/2 0/8 0/4 IV2 J/111 
"l"otal 3127 22/14N 15194 1>11.1 

Cootinucd ncxt page. 
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tion. Si tes (individuallocationíyear occurrcnccs) wcrc judgcd 
on thc. basis nf their ability to discriminatc among cultivars. 
Onlv sites that occurrcd in two or more SA WYTs werc in+ 
clucÍcd in thc overall pattcrn analysis. Sincc sorne si tes wcrc 
sown to more than two SAWYTs in differcnt ycars. thcir 
comparisons had different Jcvels of precision. Thc clustcring 
strategy used is that rccommended by (DcLacy and Coopcr. 
1990) and uscd by Abdalla et al. (1996). Dissimilarilics bc­
twccn sitcs in each year and averaged acrnss ycars wcrc mca­
surcd by squared Euclidcan distanccs (SED). Sincc diffcrcnt 
ycars had different numbers of cultivars. thc avcragcs wcrc 
wcighted by the number of cultivars in each year. Thc incrc· 
mental sum of squares criterion <md the agglomcrativc hicrar· 
chica! strategy procedure with SED as thc dissimilarity mea· 
surc \vcrc used for classification. 

RESULTS AND DISCUSSION 
Associations among all Locations and Regions 

Average site yields rangcd from 0.38 to 8.4X Mg ha- 1 

• during the 6-yr period. Significan! discasc incidcncc was 

•
cported at 11 of the 122 si tes includcd in thc analysis 

• ~md no si tes reportcd inscct damagc. Dcndrograms de· 
• vclopcd from the SHMM cluster analysis wcrc uscd to 

examine the association of various si tes with key rcbrions 

Tablc 2. Continued • 

that frequcntly cxpericncc drought and with si tes within 
those regions. A summary of dcndrogram rcsults is prc­
scnted in Tablc 2. The number of clustcrs among various 
si tes Jocatcd within thc scvcn kcy rcgions is cxprcsscd 
as a fraction of thc total numhcr of possiblc groupings 
or clustcrs. Sitc clusters wcrc dctcrmincd at thc third 
fusion or third group leve! of thc SHMM cluster analysis . 
A total valuc for the rcgion is also calculatcd and cx­
pressed as a fraction. For cxample, comparisons of India 
with the Mexican region hada total valuc of 519 (56%). 
This was calculated by adding thc fractions of thc indi­
vidual groups CIANO (2/4), Mixtcca (2/3), Atizapan 
(011) andEl Batan (J /1 ). Similarly, ca eh location within 
each of the se ven kcy rcgions ís totalcd across locations 
that clustcrcd al least once with locations in cach kcy 
region. For example, CIANO, which appcars in the 
Mexican region, clustcrcd 28 times out of 111 possiblc 
grourings with J 3 differcnt global locations or rcgions . 

The South Asían Region 

Rainfall, soi] type, and farming practicc in this rcgion 
are diverse. Nepalcsc si tes cluster 14% (thrcc of 21 
possible groupíngs) of the time with othcr sitcs across • • • • • • • • • • • 

I'Oumher of grouping~ \\Íth ihc n-gion/Tnhd number of pO!>~ihle grouping~ 

Sitc.. .. 
Kalak!>tan 
Ca nada 
Argentina 
India 
Pakbtan 
South A!>ia 
Mexico 
Han~ladesb 
Bulh·ia 
Spain 
Wc!>IA!<.ia 
Total 

Site!> 
Wc!>t A:.ia 
N". Africu 

•• 
:.Afri~" 
'aki!>tan 

• 
1\'cpal 
Brazil 
Ar¡!cntina 
Soutb :hía 
Mc_\.ico 
1\olhla 
Total 

Sitc:. 
Ka:t.ak.\tml 
Ca nada 
Argentina 
Algcria 
Bolh'ia 
Pakistan 
Spain 
1\'. Africa 
South Africa 
Hrazil 
South A!oia 
Hangl-o~desh 
\'Vc~t A~ia 

Muicu 
1\'cpal 
Total 

S. Africa 
212 
3/4 
6/1.\ 
214 
5/10 
8/22 
2/9 
114 
0/5 
lf{, 
1/11 

JJJ90 

TanT.ania 

213 
11/2 
112 
111 
0/1 
115 
218 
liS 
0/2 
1!129 

Br.uil 

113 
3110 
1/6 
0/4 
0/8 
216 
3111 
0/4 

2/15 
113 
3117 
115 
114 

!8/96 

Zimhab. 

0/1 

013 
0/5 

0/1 
1/1 
0/.l 
11/7 
1121 

Uurundi 
1/1 

1/1 
1/4 
0/1 

0/2 
1n 
0/2 
0/1 
4/19 

Argentín 
21.\ 
31. 
1!/26 
5/14 
5/B 
9124 
5/21 
7/29 
3/9 
2/9 

10153 
1/9 
2120 
1125 
0/B 

63/276 

• • • • • • • • • • • • • • • 

t Sitc!o indudc countri~ and geogro~phic regiml!> • 

Southcrn African Rcgion 

Ea!>tcrn Afriom H.cgion 

Kcn,.-a Malawi 
111 . 

1/1 
1/4 
0/1 

0/2 
1n 
1112 
0/1 
4/19 

0/2 
0/1 

0/1 
0/3 
0/1 
U.\ 
0/1 
1112 

Southcm Conc of South America 

Ethiopia 

012 
0/1 

0/1 
0/.\ 
0/1 
0/.\ 
0/1 
0/U 

Total 
212 
3/4 
7114 
214 
5/13 
8fl7 
2/9 
J/5 
1/6 
1/9 
1118 

Total 
2/2 
2/3 
.\11< 
4/12 
1/3 
1/3 
4/15 
5/24 
3/15 
1JC, 

Total 
213 
4/11 

11136 
lt/20 
5/17 
9/32 
7{17 

10/40 
3/13 
219 

12l(oll 
2/12 
5/37 
2/30 
1/17 
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thc South Asian Rcgion. However, within this region, 
Nepal and Bangladcsh are closcJy associated, while no 
re lationship cxists hctwccn Ncpal and Pakistan. Kazaks­
tan, South Africa, Omada , and Argentina also associatc 
with Pakistan but lcss so with othcr countries within the 
South Asían rcgion. Wcsl Asían locations cluster better 
with Bangladesh and Nepal than with Pakistan. Mexican 
locations, including CIANO, are thc best predictors of 
cnvironmcnts in India and Bangladcsh; however, the~· 
ass<><..'Íatc poorly with most sitcs in Pakistan and Nepal 
(Table 2). Evcn though the variation in latitude within 
the rcgion is not large (24-33°N), stress patterns a cross 
thc rcgion are vcry d iffcrcnt. In Pakistan, dry areas are 
less influcnccd by monsoonal rain than are cquivalcnt 
arcas in central India, whilc in Nepal and sorne parts 
of lndia and Bangladcsh stress pauems are influence d 
by availability of irrigat.ion. Stress patterns in Pakistan 
are similar to thosc in higher latitudc arcas such as 
Kazakstan and Canada (Tllblc 2). This association re­
flccts thc lack of photopcriod response in thc CIMMYT 
matcrials includcd in thc SA WYT nurseries. The group­
ing of South i\ frica a nd Pakistan, both tlry rainfed areas 
of cquivalcnt latitudc, indicatcs a significant degree of 
association betwccn thcsc arcas. Ncpal and Bangladcsh 
cluster togethcr beca use of similar limited irrigation pro­
duction systcms. Within thc South t\sian rcgion, Bangla­
desh and India clustcred bcst with L4 diffcrent global 
sites and rcgions (Tahlc 2). -

The Wesf Asían Region 

Four Iranian sitcs returncd vield data for the 2nd 
SA WYT, making it thc best rcp.rcscntcd country in the 
Wcst Asian rcgion. Unfortunately, the 2nd SA WYT 
was not sown in Mcxico, so comparisons between these 
sites and Mcxican locatíons cannof be made. lranian 
locations cluster lcast with othcr sitcs in thc West Asían 
rcgion and show vcry littlc a."sociation with other global 
locations and rcgions (Tablc 2). The two locations in 
Pakistan giving thc do!'cst, ¡¡Jthough still wcak associa­
tion with Jran, Sariab, and Barani are locatcd in thc dry, 
northern arcas. lf 1 nm is climinatcd, thcn Bangladesh 
becomcs thc bcst prcdictor of Wt.-st Asian locations 
(4/6), clustcring with Jordan, Syria, Afghanistan, and 
Saudi /\rabia followcd hv the combíncd South Asian 
rcgion. Thosc si tes clustcring with Bangladcsh are rain­
fed locations, with the cxception of Jordan and Saudi 
Arabia, whcrc the trial was sown undcr limited irriga­
tion. Thc limitcd irrigation re gimes generated in Bangla­
desh, therefore, appcar lo mimic those in the terminal 
moisturc stress cnvironments of West Asia. Lack of 
retiablc rainfall records from thcse Wcst Asían locatioos 
in the ycars the trials wcrc sown malee it difficult to 
draw firm conclusions. With re m oval of the lranian sites, 
thc ncxt bcst prcdictors of Wcst Asia are West Asían 
locations thcmsclvcs (4/18) and North African sites 
(5/21), all of which havc, hascd on long-tcrm rainfall 
avcragcs, similar Mcditcrrancan typc stress patterns. 
Mcxic.an and South American Jocations cJustered poorly 
with Wcst Asia, ranging from J/J 5 in Brazil to t /8 in 
Mexico. Afghanistan and Saudi Ambian Jocations within 

thc West Asían rcgion clustcrcd bcst across global loca­
tions (Tablc 2). 

Tbe North African Region 

Clusters of North t\frican siles with global sitcs and 
region.'> indicated that NepaJ gave the best as.o;;ociation, 
followed by Spain and the South American si tes in Argen­
tina, Bolivia, and Bra1.il (Tablc 2). Mexican sites did 
not prcdict this rcgion wcll (l/16). The Sudanese sile 
expresscd littlc if any association wíth any of the SA WYT 
sites. This mav oc duc scverc hcat stress late in the 
growing cyclc, 'which is oftcn cxpcricnced in Sudan and 
other North t\frícan locations. The best assocíations 
within the rcgion are bctwccn t\lgcria and Argentina 
and Algcria and Bolivia (Tablc 2). Thcsc sitcs expcri­
cncc carly scason, prcanthcsis drought stress. Withín the 
No11h African rcgion Tunisia clu~tcrcd bcst wilh other 
global sitcs ami rcgions. 

Tbe Southem African Regiun 

This regíon is compriscd of the two countrics So uth 
Africa and Zimhabwc. Thc association of sites in this 
rcgion may he infJated bccausc only six locations wcrc 
uscd. Zimb<ibwc showcd a diffcrent pattem of associa­
tion comparcd \VÍth thc South t\frican sites (Table 2). 
This rcflccts thc diffcrcnt latitude of the Zímbabwean 
site (J7•S) comparcd with thc South African locations 
(28-33°$). Thc grouping of high lalitudc locations in 
K11zakstan and Omada with South Africa retlects simi­
IM stress patte rns. The grouping of Pakistan, India and 
Argentina suggcstcd that stress pattcrns wcre similar 
among these regions. It is expected that West Asían 
and North African sitcs, which cxperience Mcditcrra­
nean typc drought stress, would group with South Af­
rica. However, only onc out of 22 possiblc groupings 
occurrcd bctwccn southcm A frica and regions with sim­
ilar stress pattcrns. Howcvcr, thc strong association of 
sitcs in South /\frica with ll. d iffe rcnt Joca tions (31/90) 
from around thc world suggcsts that So uth A[rica could 
be utili7,cd in global whcat b recding cfforts. 

Tbe [;tstern African Region 

In this rcgion, four locations rcturncd dat<:~ from one 
year only and a fifth , Tan7.ania, reported data from two 
ycars. Stress pattcrns in Eac;tcm Africa tend to be simi­
lar to those in Wcst Asia and North A frica ( 4/.5}, indicat­
ing the prcsencc of tc m1inal or late season drought 
stress. Tanzania was thc only eastcm African location 
to cluster with CIANO (1/6, not shown in Table 2). 
South Asian locations where farmers plant on residual 
moisture following thc monsoon or use limitcd irrigation 
and Southcrn Conc locations, typified by preanthesis 
stress did not associatc we ll with eastern Africa. Ethio­
pia (0/12) and Malawi (1/12) did not associate well with 
other global locations and rcgions. Rainfall records are 
not availablc fo r thc Eastcrn African sites in the vears 
thc hials werc sown making it difficult to assess whether 
thc growing conditions wcrc different from the long­
term average. Among thc castcm African Jocations, 

• • • • • • • • • • • • • • • • •• • • • • • • • • • • • • •• • • • • • • • • • • • • • • • • 
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Southem A frica Zaf Small Grains 

Nortl1 Africa, Egypl, lsmailia 

Pakistan lslamabad 

Argentina, Tucuman 

Argentina, Pergamino 

Ecuador, Santa Catarina 

Argentina, Marcos Juarez 

• Syria, ICARDA 

• &olivia, San Benito 

Bangladesh, Dinajpur 

Nepal, Bhairahawa 

Pakistan, Dera lsmail 

Mexico, CIANO 

1 

1 

l 
1 

Four-group leve! Two-group level 
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Fig. l. Dcndrogram or thc rclationships :unong si le~ sown to thc SA WYT in more than 1 yr • 

Tanzania was most close1y associatcd with othcr global 
locations followed by Burundi and Kenya (Table 2). 

The Southem Cone of Sonth America 

This rcgion is rcprcscntcd by locations in Argentina 
and Brazil. Thcir association with high latitudc sitcs in 

• a<azakstan and C:anada would indica te similar pattcms 
"-f,f adaptat1on (Tahlc 2). The grouping of Pakistan, Bo-

• livia, Algcria, and Spain with Argentina indicates that 
patterns of adaptation in Argentina are similar to many 
parts of the world) whcrc sites cxpcrience prcanthcsis 
Jrought stress. Limitcd rainfall rccords wcre available 
for sorne si tes in Argentina during thc ycars coveting this 
studv. While thesc rccords indica te preanthesis drought 
stress prcdominatcd, significant rainfall variation was 
obscrvcd at many sites; this is reflectcd in the rclatively 
weak grouping of Jocations in Argentina with cach othcr 
(8/26). Othcr South A'ian sites Ncpal, India, and Bangla­
desh most of which are sown on residual moisture or 
undcr limited inigation, did not associate with Argentina 
( l/29). Mexico, where dcvclopment of the gcnotypes and 
most of thc yicld trials were sown using a single presccd­
ing inigation showcd vcry little association with this re­
gion (2/30). Thc clustcring of i\rgentinean locations v.1th 
many diffcrcnt global sites and rcgions (63/276) highlights 
the strategic valuc of thcse locations in differentiating 
gcrrnplasm in a global breeding program. 

• • • • • • • • • • • • • • • 

Association of Locations Repeated 
in More than One Y ear 

Pattern analysis was uscd to examine thc association 
among sites rcpcatcd in more than onc ycar (Fig. 1 ) . 
i\t the first fusion leve! two groupings resulted. Group l 
contained thrce locations from Argentina and one from 
Santa Catalina in Ecuador. South /\frica, Egypt, and 
onc location in Pakistan madc up thc rcmaining si tes. 
Group 2 containcd thrce South i\sian locations, Bangla­
desh, Nepal, and Pakistan. In addition, Syria, Bolivia, 
and Cli\NO (Mcxico) also clustcrcd in this group. 

Pattern analvsis confirmcd the conclusions of individ­
ual SHMM a~alyscs by indicating an association be­
tween CIANO and South i\sia (Nepal, Pakistan. and 
Bangladcsh). i\s no lndian site was sown to Si\ WYT 
for more than onc vcar, we could not includc lndia in 
the comparison. MÓst South American Jocations, with 
thc exception of Bolivia) clustered togcthcr in a separa te 
group, also supporting SHMM conclusions. lnterest­
ingly) Syria, thc only Wcst Asíanlocation rcporting data 
for more than onc ycar, also groupcd with CIANO, 
indicating a degrcc of similarity betwccn stress patterns 
at these two sitcs. 

Association of Global Locations with ClAN O 

Locations grouping with CIANO on the basis of yield 
at the third fusion leve! of the SHMM cluster analysis 
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Tahle J. Sites gtoupiog at the rhinl fusioo lenl in thc Slll\fM 
cluster analysis "ilb CIANO, Mexico, for yield &om die 1st, 
3rd, 4th. Sth, and 6th SA WYTs. 

Sites l'lu.•lcring ,..¡IJ• Cl ANO 

lsl SAWYI' 
Sudaa: Guira Res. Statioo 
Bratil: Bela Vi~1a l>o l'llraDo 
Q~lur; ltuwdat Harma 

• lrd SAWY'l' 
lodia; l>Drgli9W11 
India; Vijapar 
Muico; Mixf~ca Oao:aco 
&nglader.b; Rajshahi 

41hSAWYT 
Portoagal; I'HS Alcnlcjo 
Ubaine; Odes•a 
Vak0.1aJJ; NARC hlatn3had 

5th SAWYl' 
Mexiro; San Fraoc. Atimpun 
Banglade~b: Uiujpur 
l"cpal; l"iWRP, Bhair.lha .. ·a 

6ths.\WYI' 
'&' na·~<uua; Simblt 
p~¡,lu; Ucra bmail Kban 
Arg~nfiaa; Tacwnun-Obi!.po 

No. of lilnt.'S groupin¡; 
,.·i1b OANO 

VI 
111 
1/1 

Vl 
1/.1 

1/t 

111 
VI 
1/2 

VI 
112 
114 

VI 
V4 
1/2 

wcrc dctermined. Many of thcse locations wcre sown 
only once to the SA WYT and are indicatcd in Table 3. 
Si tes in Sudan, Brazil, Qatar, India, Bangladcsh, Portugal, 
Ukraine, Mexico (Ati.zapan), and Tanzania reported 
SA WYT data only once and cluste red with CIANO. 
Othcr sites in Mcxico (Oaxaca), Pakistan (NARC), 
Bangladcsh (Dinajpur), and Argentina appcarcd twicc, 
clustcring once with ClANO, while two Jocations in 
Ncpal and Pakistan (Dcra lsmail Khan) occurrcd four 
times, clustering only once with the ClANO site. 

Bccause many loc-c~tions clustcring with CIANO from 
thc SHMM analvscs wcrc sown onlv once to thc SA WYT 
during thc 6-yr" pcriod, wc can o"nly concludc that an 
ass<Jciation cxists in thc ycar in which thc hcad-to-hcad 
compmison occurrcd. Thc rcpeatability ofthesc associa­
tions in many cases cannot be determined. Thc grouping 
of lndian and Bangladcsh sitcs v.'Íth CIANO could be 
cxplaincd hy similaritics in Jatitude (Tablc 1) and mois­
ture stress patterns. Thc drought stress gencraicd at 
ClAN O under limitcd irrigation is similar to that cxpcri­
enccd in many parts of South Asía. 

A t Cl ANO, late season sc vcrc terminal drought stress 
is gcncrat.ed by thc a pplication o[ a single prcscccling 

inigation. This screening mcthod is designed to mimic 
the terminal moisturc stress cxpericnced in thc South 
A silin rcgion following thc monsoon. ln thcsc rcgion~ 
farmcrs plant after thc monsoonal rains o n a rcccding 
moist urc profile: vcry Jittlc if any rain falls afte r sowing. 
Thc slightly higher latitudc and altitude of most Paki­
stani sitcs (bctween 4 and 7° farthcr north and hctwccn 
79 and 1562 m highcr) may cxplain the reduccd lcvcl 
of as.-;ociation between thcse arcas and CIANO. Thc 
sitc most similar in latitudc and altitude, Ncpal, clus­
tered only 25% of the time wíth CIANO, howcver, 
pattcrn analysis based on rcpcatcd sitcs outlincd in thc 
prcvious scction does confirm a rclationship bctwccn 
ClANO and Ncpal. 

Not surprisingly, only two other Mexican locations 
clustcrcd with ClAN O out of a total of seven possihlc 
comparisons. Apart from CIANO, all thcsc si tcs are 
locatcd at 2249 to 2640 m abovc sea leve], comparcd 
with CIANO's altitude of 38 m, and are at least ~ 
latitudc closcr to thc equator. Two higher latitudc si tes, 
Portugal (38"'N) <md Ukrainc (46"N) also clustcrcd witlt 
CIANO. 

Thc low leve] of grouping bctwccn ClANO and South­
ern Conc locations in Brazil and Argentina (Tablc 2) 
can be cxplained by different prcvailing moisture condi­
tions. Thcse si tes experienccd prcanthesis drought stress 
throughout the d uration of thc study. Thereforc it is not 
surprising that SA WYT gcnotypcs, developed undcr 
modera te to se vere terminal moio;ture stress, diffcrc nti­
atcd diffcrentlv for vield in the Southcrn Conc. Thís is 
borne out by ·the ¡{¡uch strongcr associatíon bc twccn 
CIANO and India and Bangladcsh (Tablc 2) . Sitcs in 
India and Bangladesh undcr limited irrigation gcnerally 
apply all the avaílable water prior to anthesis. Howcvcr, 
thc stress generated at CIANO did not associatc wcll 
with West Asían and Nnrth Afrícan sites. A possihlc 
explanation is that many of thc sites in thesc r cgion:o. 
are gene rally cooler than CLAN O and genotypc ranking 
may be influenced by thc longcr growing scason. 

Association Between the Same Location Sown 
to the Same Genofypes in Different Years 

A small number of gcnotypcs, rangíng from 5 to m 
wcrc in common betwecn ycars in compalisons bctwccn 
spccific SA WYT trials (Tablc 4). Dcndrograms (not 

·rabre 4. Thc numbct of time.~ CIA.NO and other IM"dtions snwn to diffcrent SA WYTs in different ycars dm1er witb themseh·es at 1hc 
third fusion fevcl in thc SIIMM analysis based on genotypes common to each comparison. 

Numbcr or voupingsfTotalnumbcr of po~;~ihlc groupin~ 

SAwn· Mexico Ncpal Bo.lhia Cuada ~DtiDll Argeatina Palü~1ao 
compariwtlt CIAI"iO Bbainbwa Sao Btlilio K e meo M .. JllllfCZ Pergamino Ucna ls.nail 

. 1>· 2 0/1 . 0/.1 
2v ~ 0/1 0/.1 1/1 111 
3 ,. 4 1/1 0/J 011 0/J 0/1 
4v5 0/1 VI 1/1 Vl Vl 
S,. 6 1(1 011 1/1 011 0/1 
1 , . .\ 1/1 VI 011 flll 0/1 
3v!i Jll 111 0/1 1/1 011 Cl/1 
J ~ (, 0/1 0/1 0/l lll 0/1 011 
""6 an 011 0/1 0/1 
'l'()biJ sn 3Jti 1/9 314 217 012 217 

t Gl!llOiypes in COQllllOD for radJ compamoo ranged rrom 5 lo 16. 

• • • • • • • • • • • • • • • • •• • • • • • • • • • • • • •• • • • • • • 
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shown) developcd from SHMM cluster analysis indi­
cated that ClAN O, CIMMYTs primary drought testing 
location, clustercd with itsclf on 5 of 7 occ(lsions at the 
third fusionlcvcl. Si tes in Ncpal (3/6) and Canada (3/4) 
also indicated a rclativcly high dcgrcc of association 
betwecn years. Howcvcr, Solivian, Argcntinean, and 
Pakistani locations did not cluster toa significan! degrec 
with themsclves in the paired comparisons among diffcr­
cnt SAWYTs. 

• The high dcgrec of association bctwccn years of 

• 
Cli\NO indicatcs this location has high rcpcatability in 
discriminating gcrmplasm. However, thc weak associa­e tion between thc Bolivian, Argentincan, and Pakistani 
locations rcflccts thc inhcrent variability charactcristic e of most rainfcd, drought prone environmcnts. Diseasc 

41 was not a major factor intluencing gcnotypic ranking 
and subscquent Iocation clustering as only JI sitcs out of e 122 included in thc analysis repoticd significant disease 

• 
incidcnce (Tahlc 1 ). The high degrcc of association ob­
scrved bctween vears for ClAN O retlects thc controllcd 

•• rigation condiÚons undcr which matcrials are grown. 

• • CONCLUSIONS 

• As suggested hy Osman ct al. (1997), the SHMM 
analysis can be applicd routincly to idcntify suhsets of 

• locations without COl and thus find kcy locations. Fur-
• thcrmorc, results obtained by yearly SHMM analyses 

can always be confirmed by pattem analysis on long-
• term multilocation tria) data. The primary aim of our 

• 
study was to examine thc rclevancc of sclccting gcrm­
plasm undcr controllcd irrigation at CIANO, Mexico, 

• compared with performance undcr global drought stressed 
cnvironments. Thc rclatively low degrec of rcpcatability 

• of thcsc Jocations, hcavily influcnccd hy rainfall and 
• othcr scasonal factors, make it difficult to find high 

• 
levels of association betwccn CIANO and many global 
locations year to ycar. However, thc application of 

• SHMM and pattern analyzcs indicatcd that CIANO is 
simtlar to sitcs in India and Bangladcsh. Thcse are not 

•• ypically rainfed arcas and crops are frcqucntly drought 
• strcssed through lack of irrigal!on water. 

• 
Thc gravity-fed residual moisture stress gcncrated at 

ClAN O may nccd to be modified to improvc thc re le-
• vanee of matcrials sclcctcd in i\1cxico to locations in 

thc Southern Conc, Wcst Asia, and Africa. Generation 
• of a combination of hoth terminal and preanthesis stress 
• sccnarios may increasc thc frcqucncy of elite matcrials 

adapted to thcse rcgions. Thc secondary aim of our study 
• was to examine rclationships among intcrnationa} test-
• ing locations with a vicw to identifying kcy locations for 

drought screening. Sclcction using a comhination of en-
• vironmcnts such as CIANO, South !\frica, and Argen-
• tina~ all of which corrclatcd wcll across many diffcrcnt 

cnvironments, may providc the platform for greatcr rates 
• of progress in brceding for dry environments globally. 

• • • • • • 
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ABSTRACT 

SA gcnofypc main effcct plus gcnof)-·pe X cm·ironment interaclion 
(GGE) biplof gruphically d.isplaro; fhc gcnof)·pir uulin effecf (G) and 
lhc gcnot~:pl' X cm'ironmcnt ínfcr<~ction (GE) uf thc rnulticm'iron­
mcnl trial (1\lET) data and fal'iliiak'S l'isual Cl'aluation of both thc 
gcnotypcs and thc cm·ironmcnts. This paper compares the mcrits of 
h\'0 f)·pcs or GGE biplots in MRT data analysis. Thc first typc is 
l'Onsinlcflod b)' thc lcast squarcs .\iolntion nf thc si tes rcgres..{óion modcl 
(SREG: ), n·ith thc firsi iwo (lrindp:d compnncuis as thc primar)'' nnd 
scl"ondary cfTccts., respccth·cly. Thc second typc is constructcd b)·l\hm­
dcl's solution for sites rcgrcssion as ihc primary crTcd and lhc lirsl 
principal romponcnl e:dractcd from thc rcgression residual as lhe 
M't'ORdnry crrect (SREG.u 1 ). Rcsults indic."atc thaf both thc SR F.(;! 
biploi and thc SREG\l+J bitllot nrc cqually cffccth·c in displa)'in~ lhc 
'"which-won-whcrc" paUcrn of thc MET data, ahhough thc SRRG! 

• 
hiplot explains slighily more GGE \·ariaiion. Thc SREG,I+ 1 biploi is 
more dcsiruhlc, ho\\Cl'Cr, in that it always cxplicitly indicatcs thc 

•• n'!ragc ~·icld and stabilii~· of thc gcnotypcs and thc discriminaiing 
abilif.y and rc¡ucscntaiiYcncss uf ihc test cm·ironmcnts . • 

• MULTIENVIRO:-.;ME:NT TRIALS are conductcd for al1 m a-
• jor crops throughout thc world, Thc main pur-

posc of MET is to idcntify superior cultivars for rccom-
• mendation to farmcrs and to idcntify sites that best 
• rcprcscnt thc target environmcnt. Usually, a Jarge num­

ber of gcnotypcs are tcstcd ovcr a numbcr of sitcs and 
• ycars, and it is often difficult to determine the pattern 
• nf gcnotypic responses .across cnvironmcnts without thc 

help of graphical display of the data, 
• Yan et aL (2000) devcloped a "GOE hiplot" method-
• ology for gr<-~phical analysis of MET data. ''GGE'' rcfcrs 

to the genotype main effect (G) plus thc genotype X 

• environmcnt interactinn (GE), which are thc two 
• sources of variation that are relevant to cultivar evalua­

tion, A hiplot (GabrieL 1971) is a plot that simultanc-
• ously displays hoth thc gcnotypes ami thc cnvironmcnts 
• ~orin more general tcrms, hoth thc row and thc column 

.actors), Thc OOE biplot is a hiplot that displays the 
• OGE of MET data, lt is constructcd hy plotting the 

first two principal components (PCI and PC2, also rc­
ferred toas primary and sccondary cffl!cts, respectivcly) 
dcrivcd from singular valuc dccomposition (SVD) of 
the environmcnt-centcrcd data. Modcls that decomposc 
thc environmcnt-centcrcd data are commonly referrcd 
toas sitcs rcgrcssion modcls or SREG, and SREG with 
two PCs is referred to as SREG,, SREO can be used 

• • • • • • • • • • • • • • • 
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on scaled or non-scaled data. Whcn replicated data are 
available, SREO on scaled data (Crossa and Cornclius, 
1997) is more desirahle beca use it dcals with any hetero­
gencity of within-sitc error variancc. 

Onc unique merit nf a OGE biplot is that it can graph­
ically show the which-won-where patterns of thc data, 
as first described in Yan ct aL (2000), Briefly, markcrs 
of the cultivars furthcst from the plot origin (0,0) are 
connected with straight lincs to t'orm a polygon such 
that markers of all other cultivars are containcd in thc 
polygon, To each sidc of the polygon, a perpendicular 
line, starting from thc origin of thc biplot, is drawn 
and extended beyond thc polygon so that the biplot is 
dividcd into sevcral scctors and thi.! markcrs of thc test 
sitcs are scparated into different sectors, The cultivar 
at thc vcrtcx for cach sector is thc bcst performcr at 
si tes includcd in that sector, prmided that the OOE is 
sufficiently approximated by PCI and PC2, Thus, groups 
of sitcs that sharc thc samc hcst pcrformers are graphi­
cally identified, 

Ifthc which-won-whcre pattcrns idcntified by a hiplot 
are rcpcatable ovcr ycars) differcnt mcga-environmcnts 
(suhrcgions) can be dcfincd. By sclccting superior culti­
vars for each mega-cnvironment, hoth G and GE can 
be effcctivcly exploitcd, The 00 E hiplot is still uscful 
evcn in cases wherc thc which-won-where pattcrns are 
not rcpcatable over years, which suggests that the tested 
cnvironmcnts belong toa single mcga-environmcnt. It 
can be used to identify superior cultivars and test envi­
ronmcnt' that facilita te idcntification of such cultivars, 
providcd that thc targct mega-cnvironment is suffi­
cicntly sampled and that the genotype PCl scores ha ve 
near-pcrfect corrclation (say, r > 0,95) with thc geno­
typc main cffccts, ldcal cultivars should havc largc PCI 
scores (highcr average yieid) and ncar zero PC2 scores 
(mnre stahlc), Similarly, ideal test environments should 
ha ve largc PCl scorcs (more discriminating of thc culti· 
vars) and near zero PC2 scores (more rcpresentativc of 
an average environmcnt), (Note that a ''test enviran­
mene rcfcrs to a ycar-site combination; it docs not 
ncccssarily corrcspond toa "test sitc''.) Thus, thc GGE 
hiplot allows many important qucstions to be addrcsscd 
cffcctivcly and graphically, 

Howcver, the requircment for a ncar-perfect correla­
tion hchvcen genotypc PCL scorcs and gcnotypc main 
effccts is not a1wavs mct, which rcstricts to thc utilitv 
ofthe SREG2 based OOE hiplot Analysis of the yearly 
MET data of the Ontario winter whcat performance 
trials during 19R9-.l999, and of wintcr wheat pcrfor-

Abbrcl·iaiions: G. genolypic main effcct; GE, genotype X environ­
menl intcraction; GGE. Gcnotypc main cffcct~ plu~ gcnotypc X cnvi~ 
ronmcnt intcraction; E. cnvironmenl main cffcct; SREGM+l· Mandcl's 
sites rcgrc~:-.ion model witll one additiona! multiplicative tcrm; PC 
principie component; SREG2• Sitc~ regrcs~ion model with two multi­
plicativt.: h:rm~: SVD, singular value decomposition. 
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manee lrials from severa! statcs of the USA (Yan, un­
publishcd) indícatcs that thc gcnotypc PCL scorcs are 
usually highly correlated with the gcnotypc main effect. 
Poor corrclations bctwccn gcnotypc PCl scores and gc­
notypc main effccts, howcvcr, do occur for somc years. 
Moreover, whcn multiple ycars of data are analyzcd 
togcther, this bccornes a norm rather than an cxccptíon 
hccausc of largc and complcx GE ínteraction (discusscd 
later). In such cases, the gcnotype PCl scores cannot 
be interprcted as representing thc samc information as 
thc genotypc main effccts. Conscquently, the yielding 
<~bility and stability of the gcnotypes, and thc discrimi­
nating ahility and the represcntatívcncss of thc test envi­
ronments cannot be rcadily visuali2..cd. 

To avoid thcsc possiblc cxccptions, in this papcr we 
report an alternative GGE biplot, which is constructed 
by Manders sitcs regressíon on genotypc main effects 
a!i the primary cffcct and thc first principal component 
dcrived from subjecting that residual to SVD as thc 
secondal)' effcct. Such a GGE biplot is rcferred to as 
a SREG~H-! biplot, with thc suhsc1ipt "M" rcferring to 
Mandel's solution. [n a SREGM+! biplot, thc primary 
cffccts are thc gcnotype main cffects pcr se; it is, there­
forc, free from the problcm discussed abovc for thc 
SREG1 biplot. Howevcr, ít is not clear if a SREG,,,+1 

biplot is as cffcctivc as thc SREG1 biplot in cxplaining 
thc GGE and in displaying the which-won-whcre pat­
tems of thc dat.a. This swdy was ínitiatcd lo answer 
thcse questions by comparing the SREGz biplot and thc 
SREGM+l biplot applicd to scvcral datascts that showed 
diffcrcnt rclations betwccn gcnotypc PC 1 scores of 
SREG2 and thc genotypc main cffccts. 

MA TERlALS ANO METHOOS 

Tbe SREGz Biplut 

Thc SREG2 based GGE biplol is dcrived from Eq. [l] 
2 1 

Y;¡ - j3¡ = L x~~ml)¡, + E,¡ = 2: ~:.1);. + E;¡ Ll j 
n = ) 

where Y,1 is lhc average yield of Genotypc i in Environmcnt 
j. ~¡ is the average yíeld of all gcnotypes in Environment j. 
X, is Lhe singular value for principal componcnt PCn, ~m and 
r¡,, are scorcs for Genotype i and Environmcnl j on PCn. 
rcspeclivcly, and E;1 is lhe residual associatcd with Gcnotypc 
i in Environmcnt j. The values of X.,~'"' and TI;.. are simultanc­
ously ohtaincd by subjccting thc cnvironmcnt-ccntcrcd yield 
(i.e., Y1¡-f:l¡) to SVD. This can he achieved by principal compo­
nent analysis of the environmcnl-ccntered yichJ using thc SAS 
proccdurc PRTNCOMP. Thc PRINCOMP generales ~"' as 
thc genotype scores and (X.I;.,) as the environmenl scores. 
Altcrnatively, >.. •• ~ ... and llpr can be obtaincd by the SVD 
function within the SAS proccdurc JML. which is a basic 
function in many SAS proccdurcs rclated lo principal compo­
nent analysis. A SAS program for principal componen! analy­
sis of MET data is avail.ablc from lhc senior author of this 
paper. 

To display rcsulls of fitting Eq. [1] in a biplol. thc singular 
value !., has to be absorbed by the ¡.;ingular vector for cul­
tivars 1~.¡., and that for cnvironmcnts g,.. That is, ~. = J...~·~;., and 
llt• = X!,- "•1J¡.. . A. is choscn such lhat !he rangc of the environ­
mcnt markers is equal to the rangc of the cultivar markcrs: 

max(~.)- min(~;.)"" max(11~)- mio(l);,), 

i.c., 

Thus, 

The SREG~t .. t Biplot 

Mande! (1%1) prescntcd thc following modcl for analysis 
of non-addilivity of two-way data: 

Y ;¡ = ~¡ + bp.¡ + F;¡ IJJ 
where l-';¡ and ~; are thc samc as in Eq. (1). n, is the muin 
effcct of Gcnotypc i , and b¡ i~ the regression cocfficicnt of thc 
environmcnt ccntered yiclds (i.e .. Y¡¡- jj1) witlún Eoviron­
ment j on the genotypc main cffccts (a,). Equation (3] is similar 
to the well-known modcl of Finlay and Wilkínson (1963). hut 
Lhe roles of cullivars and sitcs are exchangcd. 

(( lhc first principal component (h1~,1111 ) from SVD of thc 
residual from Eq. [3], i.c .. (Y;¡ - ¡)¡ - b¡C'I.;). is added. thcn 

Y;¡ = J3¡ + b¡':t; + h¡~;!1l11 + e,1 or 

Y,, - ~~ = b1a; + ht~l1l¡1 + €,¡ 141 
wherc all lcrms are the samc as defined in Eq. [1] or {3]. To 
construct a SREG~1+t biplot. Eq. (4] is writtcn as 

ISJ 
Yáth ~ñ = J...~~~.-q¡; = hl -"'ll~t.bi = Bb;- ando; = B-1e<;, whcre 
A 1 is defincd hy Eq. [2]. and 

B = /r-~-a-x(-a,-) -- -(-m-in_(_a;-). 

y m<LX(b;) - min(b¡) 
161 

A1 and B are eh osen such thal the plot spacc uscd by genotypcs 
are the samc as that by environments. Analogous lo PCl nnd 
PC2 in thc SREG1 modcl, b;o.; and ~1;,,;1 are rcferrcd to a~ thc 
primary and scc,)ndary effccts. respective!y. All analyscs wcrc 
conductcd using SAS (SAS lnstitute, 1996). 

Tbe Data 
The data uscd in this study were from thc 1989 to 1 ')1)9 

Ontario wintcr wheat performance trials (Yan, 1999). Each 
year, 10 to 33 winter whcat (Triticum nestivum L) cultiva~ 
are tested with fou r lo six replica tes in se ven to 14 si tes repre­
sen ting thc O otario wín ter whcat growing arcas. Previous anal­
ysis indicatcd that tbe yearly variance components due to 
environment (E) dominatcd the total yicld variation. ranging 
from 55 to 91% and averaging 80% of lhc totaJ variance. 
The variancc c.omponcnt duc to G ranged from 1.8 lo 28.5%. 
whereas thal duc to GE rangcd from 7.3 to 15.1% (Yan, 19W). 
G ranged from 13 to 65% of the total GGE. Analysi~ with 
the SREG2 biplol rcvcalcd lhal in all years cxcept 1995 thc 
cnvironmental PCl scorcs were of the samc sign; and in all 
ycars cxccpt 1995 and 1996 lhc genolypc PCl scorcs showcd 
high corrclation with thc mean yield of thc gcnotypes (r > 
0.93). Thus. in this study thc 1995, 1996. and 1998 datascts. 
representing differenl typcs of rclations hctween genotypc 
PCl versus genotype main cffecls, wcrc choscn to compare 

• • • • • • • • • • • • • • • • •• • • • • • • • • • • • • •• • • • • • • (j) 

• • • • • • • • • 
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l'ahlc l. l'roportions of GGE SS cxplained hy SRJ<:Gl and SREGAH for 12 datasets from thc 1989-1999 Ontario winter whcat pcrfor­
mant:e trials . 

• • • • • • • • • • 

1\'o. of 1'\o. of llcgrcc¡., uf 
\'car cutthar.. ¡.,jt~ frecdom I'Cl 

1989 10 9 32 42.5 
1990 10 7 28 59.7 
1991 10 9 32 53.3 
19'12 10 10 34 57.0 
1993 18 9 48 56.8 
1994 14 11 44 45.6 
1995 14 14 50 54.2 
1996 2.1 9 .56 29.6 
1997 28 8 66 55.0 
]1)')8 33 8 76 71.5 
ll}t)9 31 9 74 51.5 
1996-99 11 34 84 245 

,\,·er-.Jj!C 50.1 

thc CiClE hiplot bascd on SREGM+l with onc hascd on SREG 2• 

• In addition, a complete subset of 11 cultivars by 34 cnviron-

•

mcnts (year-site comhinations) cxtractcd from the 1996 to 
• . 999 trials was also uscd in the comparison. 

RESULTS 

For all dataseis. hoth SREG, and SREG"~' use the 
samc numhcr of degrecs of freedom j(g+e-2)+ (g+c-
4) or 2(g+e)-6, whcrc gis the numbcr of gcnotypcs 
ande thc numbcr ofthe environments] (Tablc 1). With 
!he samc number of dcgrces of frccdom. SREG2 is thco­
rctically the most cffcetivc modcl for cxplaining the 
variation duc to GGE, hccausc the first two principal 
componcnts are computcd to cxplain the maximum 
amount of variation. Ncvertheless, SREGM-;-t explained 
only slightly smallcr amounts of GGE. When avcraged 
ovcr 12 dataseis, SREG2 explaincd 69.1 %, whcrcas 
SREG,H cxplaincd m.o% of the total GGE (Tablc 
1 ). Thus, SREGM+! is nearly as cffcctivc as SREG2 in 
explaining the variation of GGE. So the discussion will 
be foeused on whether the SREGM+! biplot displays 
similar which-won-where pattern as the SREG2 hiplot. 

• • • • • • • • • • • • •• • 
1998 Data 

Thc PCl seo res of thc SREG2 modcl had near-pcrfcct 
corrclation (r ~ 0.99) with thc gcnotypic main cffccts 
for this datase!. Conscqucntly. thc SREG, biplot and 
the SREGM+! hiplot look almos! cxactly alikc. Thcy 
wcrc. thcrcforc, cqually cffectivc in displaying thc GGE 
information (Fig. lA and JB). 

• • • • • • • • • • • • • • • 

Thc GGE biplot is constructed by plotting thc pri­
mary cffcet seo res nf ea eh gcnotype (as x-axis) and ca eh 
sitc against thcir respective secondary cffect scorcs (as 
y-axis) such that each gcnotypc and each test sitc is 
rcprcscntcd hy a '·markcr." For visualizing tl1c which­
won-whcrc pattcrn, thc genotypc markcrs located away 
from thc plot origin wcrc first visually identificd and 
conncctcd with straight lines to form a polygon, within 
which thc markers of all other genotypes are contained. 
Thcsc away-from-origin genotypcs, namely 6, 9, 29, 33, 
27, 21>. 20. and 2 in Fig. lA, are called "corncr·• or 
'·vcrtcx'' gcnotypcs bccause thcy are at thc corncrs of 
thc polygon. Ncxt. starting from !he origin, lines perpen-

% of GGE cxplaincd 

SIU~G1 SIU~GM.,.t 

I'Cl Total Primary Sccondary Tolal 

21.3 63.8 40.7 21.9 62.6 
21.2 1!0.9 53.5 25.1 7K6 
20.7 74.0 49.1 22.1 71.2 
IIJ.t) 76.9 56.4 20.1 76.5 
20.0 76.8 55.4 21.2 76.6 
1(,.2 61.8 41.6 16.8 58.4 
13.4 67.6 40.8 25.2 c;t..O 
245 54.1 26.7 253 52.0 
15.9 70.9 54.0 15.9 b9.9 
14.7 86.2 71.0 15.2 !Hl.2 
17..1 68.9 50.7 17.7 C.SA 
21.7 47.2 23.0 23.9 46.9 

19.0 69.1 46.9 20.9 (t7.H 

dicular to the sidcs of thc polygon are drawn to, and 
extended beyond, each si de of thc polygon dividing the 
plot into severa! scctors; cach site will fall into onc of 
the sectors (note that only perpcndiculars relevan! to 
discussion were drawn). Assuming that the biplot suffi­
ciently approximatcs the variation of GGE, it can be 
mathcmatically provcn that all sitcs in the samc sector 
sharc thc samc winning gcnotypc, which is thc vcrtcx 
gcnotypc for that sector (Yan et al., 2000). 

In Fig. lA. the si tes fcll into thrcc scctors: the winning 
gcnotype for si tes RN. WE. ID. and NN was Gcnotypc 
6; the winning gcnotypc for sites WK. HN. and EA was 
Gcnotype 9; and thc winning gcnotypc for si te Oi\ was 
Genotypc 29. Note that Genotypc 9 was the bcst pcrfor­
mcr for WK. HN. and EA because markers of thcsc 
sites wcrc on Genotypc 9"s side uf thc perpendicular lo 
thc linc that connccls Gcnotypcs 9"s marker and lhat 
of gl!notype 6. Vertex genotypcs without any sitc in 
thcir scctors wcrc not thc highcst yiclding gcnotypcs at 
any si te; morcover, thcy were the poorcst genotypcs at 
all or sorne si tes. Gcnotypes within the polygon, particu­
larly thosc located ncar thc plot origin, werc lcss rcspon­
sivc !han thc vcrtcx gcnotypcs. lt can be apprcciatcd 
that thc supplcmcntary lines on lhc biplot are critica! 
for visual analysis of the MET data . 

In addition, a ncar-pcrfcct corrclation betwecn gcno­
type primary effcct scorcs and the gcnotypc main effccts 
allows both biplots, Fig. lA, as wcll as Fig. 1 B. to be 
uscd to cvaluate eultivars for thcir yiclding ability and 
stahility and to cva)uatc environmcnts for their discrimi­
nating ahi1ity and rcprcsentivcncss. Genotypcs 6 and 9 
gavc thc highest average yields (largcst primary scorcs) 
and wcrc rclatively stahle over the si tes (small absolutc 
secondary scores). In contras!. threc non-adaptcd Gcno­
types 27, 28, and 31 yiclded poorly at all si tes, as indi­
cated by thcir small primary seorcs (low yiclding) and 
relativcly small sccondary seo res (rclatively stablc ). Thc 
average yield of Cultivars 1 and 20 wcre below average 
(primary scorcs <O) and highly unstable (large ahsolute 
sccondary values). The biplots show not only thc aver­
age yicld of a gcnotype (the primary effect), but also 
how it was achicvcd. That is, thc biplots also show thc 
yield of a genotypc at individual sitcs. For examplc. 
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Fi~. L SKEG1 and SRE~., biplols ror thc 199!1 Onlurio .. in ter ,.·beut 
pccronnao~:c lrial <bta. Thc D11mbcrs 11rc dilrcrcnl (uJtivurs; fhe 
sites :In! EA = Elora, HN = Huriston, ID = tn ... oocl, NN = Naim, 
(),\ = Oft~n•a. RN = Ridgcto"n. WE = \Vood.~lcc, WK = 
\\'nods(ock. 

Cultivar 6 had the bighest average yicld bccause it 
yiclded the highcst at sites RN, WE , ID, and NN, and 
yicldcd abovc average at all othcr sitcs. On thc other 
hand, thc average yield of Cultivar 20 was bclow aver­
age, hccausc it yiclded bclow average at sites OA, EA, 
HN, WK, and NN, even though it was quite good at 
RN. A bclow-avcrage yicld is indicatcd if thc virtual 
linc from thc origin to thc markcr of a gcnotype has an 
obtuse anglc with lhe vírtuallinc from thc origin to the 
markcr o f a test site. Likewisc, a n abovc-avcrage yield 
is indicated by an acute angle. Supplementary Jincs. 
not prcscntcd in the biplots, are rcquircd to cxplícitly 
determine these relationships. 

With rcspcct to the test sitcs, RN was most discrimi­
nating as indicated by tbe longcst distancc between its 
marker and thc origin. Howcvc r, duc to its largc second­
ary score, cultivar diff.erenccs obsc rved at RN may not 
cxactly refle ct the cultivar diffl!rcnces in average yicld 
over aU sites. Site NN was not the most discriminating, 
but cultivar diffcrences at NN should be highly consis­
tcnt with those averaged ovcr sitcs bccausc it had a 
ncar-7.cro sccondary effect scorc. At a si te vá th a near-
7.c ro secondnry cffect scorc , thc genotypcs are csscn­
t ially rankcd according to thcir primary cffcct scorcs 

(i.c., genotypc main effects since they wc rc pcrfectly 
correlatcd in this datasct) and thc differc nccs among 
gcnotypes are in proportion to thc p rimary cffcct l'corcs 
of thc si tcs. Thus, a genotypc thHt yic ldcd wcll at such 
a site b11s a Jargc average yicld. On thc contrary, sitc 
OA was ncithcr discriminating (small primary cffect 
score) nor rcpresentative (largc sccondary effcct scorc); 
and thcrc forc , cultivar-s had high yie ld at 0/\ did not 
nccessarily givc high average yicld over sites. Analysis 
of multiple ycar data indicated that OA rcprcscnted a 
diffcrcnt mega-cnvironmcnt (castem Ontario) from thc 
major wínte r whcat growing rcgions in Ontario (Yan ct 
al., 2000; Yan, 1999). 

1996 Data 

As with most datasets, thc SREG2 biplot (Fig. 2A) 
for 1996 indicatcs that a ll PCI scorcs of l.hc sitcs werc 
of the samc sign, which was arbitrarily assigncd positive 
so that the gcnotypc PCJ scorcs cotrclatcd positivcly 
with thc gcnotype main effect. However, m; mcntioncd 
carlicr, thc corrc lation bctwcc n thc genotype PCI scores 
a nd thc gcnotypc main effccts for this datasct was only 
0.85. The rclatively poor co rrclation is associatcd with 
thc fact that the GGE explaincd by PC I is only sligbtly 
grcate r than that by PC2 (29.6 vs. 24.5 %). Thc poor 
corrclatiun prcvcnts thc gcnotype PCl scorc5 of thc 
SREG1 ~olution being intcrprcted as reprcscnting thc 
genotype main cffcct; in fact, it alone is not interpretable 
in known biologicaJ and agricultura! terms. In such 
cases, the utility of a SREG~ hiplot is Jimited to investi­
gation of thc which-won-whcrc patte rns. Basc d on Fig. 
2/\, Cultivar 1 was the best pcrfonne r at :;itcs RN, LN, 
ID, and WE; and Cultivar 2 was the hest pcrfonner at 
si tes EA, WK, CA, and OA, and ncarly thc bcst at HW. 

The SREGM~1 biplot (Fig. 28) cxplained slightly less 
GGE, but rcvcalcd thc samc which-won-whcrc patt em s 
as the SREG2 hiplot. It indicatcs that Cultivar 1 won at 
:;itcs RN, LN, WE, and ID, and Cultivar 2 wnn at sites 
EA, WK , CA, HW, and OA In addit ion, thc SREG~.., 
hiplot is more interpretable. By definitio n, thc plimary 
cffccts of thc SREGM+I hiplot are the cultivar main 
cffccts, and its sccondary cffccts are dcviations from thc 
main effects of thc cultivars. Thus, tl1e SREG~t+! biplot 
cxplicitly showed t.hat Cultivars 1 and 2 werc the highest 
yie lding cultivars on average, but neither was very sta­
b lc, as evidcnccd by thc ir rclalively largc sccondary 
cffcc1s. With rcspect to Lhc si tcs, the SREGM·O"! biplot 
indic:rted that site EA was highly discriminating, but 
not represcnWtive of the a verage cnvironmcnt, whereas 
WK and RN wcre both discriminating and represe n­
tative . 

1995 Dala 

The 1995 datascl was thc only da tasct found during 
the 1989 to i999 Ontario wintcr wheat performance 
trials in which the site PCl scorcs of the SREG, diffc r 
in sign (Fig. 3A ). A mong thc L4 test si tcs, fou; (Sitcs 
4, 6, 7, and 10) had negativc PCl scores, though thcir 
absolute valucs were small. This lcd to poo r a corrcla­
tion betwecn thc cultivar PCJ scores and thc cultivar 

• • • • • • • • • • • • • • • • •• • • • • • • • • • • • • •• • • • • • • ., 
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maín effects (r = 0.83). Thc SREG2 biplot indicates that 
cultivar G6 wa!; the bcst for nearly all sitcs except Si tes 
4, 6, and 7 , at which Cultiv<tr 04 (and also 010) was 
bcttcr than 06. Cultivar 07 was as good as G6 for Si tes 
5 and 12. Thcsc pattcrns are similar in the SRE0~1+1 
hiplot (Fig. 3B). lt indicatcs that Cultivar 06 was on 
average thc hcst and Cultivar Gl2 thc sccond bcst, and 
that Sí tes 5 and .12 wcrc highly discrimínating hut ncithcr 
was rcprescntative. lntcrcstingly, all sitcs had positivc 
primary effects in thc SREG~1+ 1 biplot, as compared 
with the sitc PCl scorc~ of diffcrcnt signs in thc 
SREG2 oiplot. 
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Although thc cnvironmcntal PCl scorcsin thc SREG~ 
modcl tcnd to be of thc same sign for ycarly MEr, 
thcy oftcn takc diffcrent signs when multi-ycar data are 
jointly analyzcd. For this datasct, among all 34 ycar-sitc 
combinations, 9 had ncgativc PCl scorcs and thc rcst 
had positivc PCl scores (Fig. 4A). Likc the 1.996 data, 
thc GGE cxplaincd by PCl was only slightly grcatcr 
than that by PC2 (24.5 vs. 22.7%). As a rcsult, the 
corrclation betwecn cultivar PCl scorcs and cultivar 
m a in cffccts was only 0.58. This low correlation prevcnts 
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visual identification of cultivars with high average yíeld 
based on thc SREG1 biplot. Nevcrtheless, as with all 
prcvious datasctc;, both biplots displayed very simi­
lar which-won-whcrc patterns (Fig. 4A and 48). Thc 
SREG~ biplot prcdictcd that cultivar "2533'' was thc 
bcst pcrformcr in about half of the 34 e nvironmcnts 
whilc cultivar "Mcn" was thc hcst in the othcr half. 
Thcrcforc, it can be infencd that cultivars •·2533" and 
" M en" must he the two hcst performers on average. 
This, howcver, is cxplici tly indícatcd only in the SREGM+I 
biplot. 1\s for thc 1995 datasct, while thc p rimal)' cffects 
of the environmcntc; wcrc of different sígns in thc SREG~ 
biplot, they wcrc all positivc in the SREGM+l biplot. 

DISCUSSION 

Merits or the Two Types of GGE Biplots 

This study indica tes that both thc SR EG2 biplot and 
thc SREGM ... 1 hiplot cxplaincd similar amounts o f varia­
tion duc to GGE, although thc former tends to cxplain 
slightly more in most cases. Both biplots d isplaycd thc 
samc which-won-whcre pattern and indicatcd thc samc 
winning cultivars in individual environmenl'>. Thcrcforc, 
the two biplots can be considcred as equally cffcctivc 
in thesc rcgards. 

Thc SREGM+! biplot was designcd lo be more inter­
pretable than thc SREG2 biplot. First, since the geno­
typic scorcs for thc primarycffect ofSREG.M. , are dcsig­
natcd to indicatc thc average yield (genera] adaptation) 
of thc cultivars, thc genotypic scores of the secondary 
effcct must indicate GE intcraction associated the culti­
vars, which is an indicator of selectivc or specific adapta­
tion. 111us, thc SREGM"'! biplot simultaneously displays 
both general adaptation and spccific adaptatio n (stabil­
ity) of thc cultivars. Thc ideal cultivars are those with 

largc primary effect scores but near-zcro secondary 
scores. Sccond, because thc gcnotypic primal)' cffects 
indicatc general adaptation ofthc cultivars, thc en vi ron­
mental primary effccts must índicatc the ahility of thc 
cnvironmcnts to discriminatc among thc cultivars in 
tcrms of general adaptation. Environmcnts with largcr 
primary c ffects would thus facilitatc idcntificatíon of 
cultivars with better general adaptation. Third, analo­
gous to thc genotypic sccondary cffccts, thc cnviron­
mental sccondarv effects must indicatc thc tcndcncv of 
cach cnvironme~t to cause GE intcraction. Envkon­
mcnts with Jarge (absolute) sccondary cffccts should 
favor the performance of sorne cullivars, but d isfavor 
othcrs a t thc same time. Thus, culti\•ars sclcctcd under 
cnvironments with large secondary cffccts may be highly 
spcciftc to these environments but Jack general adapta­
tion or stability. Thcrcfore, from thc perspcctivc of sc­
lcction for high yielding and stablc cultivars, the ideal 
test en vironments should h:we largc primary cffects, but 
ncar-zcro sccondary cffccts. 

Why Correlation between Genotype S(.'Ores 
of PCl in SREG2 and Genotype Main 

Effeces Varíes with Datasets 

lt was concluded that the SREGM+! biplot is more 
dcsirablc than ihe SREG1 biplol fo r MET data analysis 
beca use the interpretability of the lattcr is impacted hy 
the uncertain relations hctwecn its primary cffccts and 
thc gcnotype main cffccts. On thc basis of thc trials 
invcstiga ted in this study, Fig. 5 indica tes that Lhis corre­
lation is strongly determined by thc rc lative impo rtance 
of O in GGE. Near-perfect corrclation occurs whcn G 
is 40% or more of GGE (thc !.992, 1993, l997- l999 
datasets), and poor corrclation occurs whcn G is 20% 
or lcss of GGE (the 1995, 1996 and 1996-1999 datasets). 
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• Thc cs...,cncc of principal componc nt analysis is to pick 
• up thc most importam paucm in thc data using thc 
• smallcst numhcr of dcgrccs of frecdom. PCJ picks up 

t hc largcst pattcrn, PC2 p icks up thc sccond largest 
• pattcrn , ami so on. A closc correlati.on bctwccn PC:I 
• scorcs and genotypc main cffccts occurs only when thc 

gcnotypc main effcct is largc cnough to be the most 
• important componen! of GGE. A poor corn: lation oc-

curs otherwise, which suggests strong and complex GE 
• intc raction in thc dat<i. Thcrcforc, it is not surprising e that thc corrclation hctwccn PCI scorcs of SREG 2 and 

• 
gcnotypc main cffect is typical1y pour whcn multi-year 
d ata are a naly1.cd in a gcnotypc X cnvironmcnt (year-

• sitc) fashinn, bccause grcatcr and more comp!cx GE 
intcractíons are s<unplcd in ;t multi-ycar MET than in e. single ycar MET. Complcx GE intcraction is usually 

• accompanied by sirnilllr amounrs of GGE explaincd by 
PCI and PC2 (as for thc 19% and 1996-1999 dataseis, e T ahlc 1 ), as opposcd lo much more GGE cxplaincd by 

• PCI lhan hy PC2 (e.g., thc 1998 datasct). 
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The Usefulness of fhe GGE Biplot Based 
on a Single Year MET 

As a graphic approach to ME T Ll<tta annlysis, GGE 
hiplot can be uscful in two majo r aspccts. Thc first is 
to display l.hc which-won-where pat.te rn of thc data, 
whidt may lcad to ídcntification of differcnt mcga-cnvi­
ronrncn ts. Thc sccond is 10 idc nti fy high-yielding and 
stablc cultivan; and discriminating a nd rcpresentativc 
test environmcnts. Howcver, both p romises are based 
on thc assumption that thc d ata is sufficicntly rcprcscn­
tati \•c oí thc targct cnvironmcnt; a conclusion can ncver 
go bcyond wha t thc d ata allow. Whilc mulli-vear MET 
dar a are rcquircd for any dccisivc cultivar ands ite cvalu­
ation, thcy are normally unbalanccd. and thcreforc the 

hiplot tcchniquc ca n nu t rc<tdily applicd ; single year 
da~a are usually balanced but they may not he represcn­
tattvc of future ycars. Thus, a qucstion arises whether 
hiplot analysis of single yc<tr MET data is reaUy uscful 
if thc wbich-won-whcrc pattern is nnt rcpcatable over 
ycars . 

A single ycar data may indced havc limitcd valuc 
bccau!:ic of thc ycar-to-year variation . Ncvcrthclcss, wc 
be licve biplot analysis of ~ingle ycar MET data is worth­
while for the following reasons. First, the GGE biplot 
is a graphic display of the G and G E of the data, which 
are relevan! to culti\'a r cvaluation and mega-environ. 
mcnt idcntificatiu n. Thcreforc, if thc rcscarcher belicvcs 
thal a single ycar MET is worthy of anal%is, and we 
hcli cve most rcsearchers do , the GGE biplot technique 
should be thc first choice. Although the biplot does 
not add new information to thc d ata, it does help the 
rcscarchcr quickly view the rattc rns lhat are in the data. 
Thc biplot gives the researcher the po wer to "see" what 
was going on in a particular year. Sorne may question 
thc uscfulncss of thc single yea r pa ttc rns if they are not 
rcpcatablc o ver years. But wi thout knowing the patterns 
from individual years, how could one koow if they are 
rcpcatablc or not? Sccond, the biplo l can be used to 
identify research problcms. For cxam ple. if two cultivars 
wc rc found to pcrfo rm lhc hcst in two diffcrcnt groups 
oflocatio ns in a particular ycar, one míght want lo know 
what were the underlying reasons, and answcrs to this 
qucstion may lead to valuable fin dings. By relating 
biplot scores to cxplanatory variables collected in the 
tria ls, Yan and Hunt (2001) was able tu rcveal that in 
O ntario, Canada, tall and late winte r wheat cultivan; 
tended lo be favored in sca<;ons with cold wintcrs and 
cool summers, whcreas early and short cultivars tended 
to be f.avored in seasons with warm winters and hot 
summers. Third, thc hiplot p!ltterns based o n a single 
ycar MET can serve as hypotheses, which can be tcsted 
using extended data and more cri tica! s tatistics. For ex­
amplc, hiplots bascd on yearly data from tbe Ontario 
wintcr whcat performa nce tria ls lcd to thc hypothcsis 
that two eastern Ontarío si tes ( Ottawa and Kemptville) 
cnnstituted a meg a-environment diffe rent from the rest 
of thc Ontario winter wheat growing region, which was 
suhscqucntly tcstcd and ~upportcd hy v<triance compo­
nent analysís based on pooled data from l.l yr of perfor­
mance trials (Yan, 1999). Thus, although conclusions 
from a single year MET may not be dccisivc, lhcy are 
valuablc suggcstions. Fourth, cven if the which-won­
whcrc paltcm is provcn to he unrep<:atablc over years, 
thc researcher would still want to know the average 
yicld and the stabiJity of the cultivars hascd on each 
year's MET. Thcsc two aspccts o f cultivar performance 
are grnphically dcpícted by the abscissa and ordinare of 
thc hip lo t, rcspectively. Fínally, although a biplot from 
a single ycar may not be very informativc, bíplol" con­
structed from severa] years can be highly valuable . 

Mo reover, the biplot techniq uc ís not límited to single 
year MET data a nalysis. lt can also be applíed lo bal­
a nccd subsets cxtracted from m ulliplc years of trials.ln 
Ontario, for example, ove r 20 winter wheat culti\·ars 
are common to three to four ycars of pcrlonnance trials, 
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and a balanced suhsct from such data base should con­
tain valuable information. Furthcrmorc, the biplot tcch­
ni4ue is not even limited to genotypc X cnvironment 
data analysis. lt can a1so be used in displaying andana­
lyzing other types of two-way data such as genotype X 
trait data and diallel cross data (Yan, unpublished re­
search). In conclusion, thc GGE biplot is a uscful too! 
for, hut not limited to, MET data analysis. 
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Hnterpretation of Genotype X IEnvironment Interactions for 
IEarly Maize lllybrids over 12 Y ears 

C. Epinat-Lc Signor, S. Doussc, J. Lorgeou, J.-B. Dcnis, R. Bonhommc, P. Carolo, and A. Charcossct* 

ABSTRACT 
Genotypc X environment intcraction was im·estigatcd ror grain 

yicld or early maizc (Zcn mays L.) hybrido;. Data wcrc obtaincd rrom 
thc Frcnch Association Générale des Productcurs de Mai"s trial nct­
work and included. 132 hybrid!t and 229 enyironmenb onr 12 yr, 
follow·ing an unbalanccd design. An.aJysis of gcnotype X CD\"iroomenl 
interaction \\liS done for tbc 1-yr data sets, for the h\·o succes..,.h·e years 
dala scts, and for lhc 12-~·r data sct. Thc magnitudc of gcnoiypc X 

en\'ironmcnt interaction ,·ariancc was equal to, or greatcr than thc 
genolypic ,·ariantt.lnterddion efTcct wru. modeled b)-· factorial rt.'gre!o­
sion analysis using additionaJ genotypic and cn,·ironmental inform• 
tion. Genotypic couriales ronsidcred w·ere the sum or gro\\·ing day 

degrees (GDD) necessary rrom souing lo flowcring and the GDD 
ncce\sary rrom Dowcring lo maiurity. EnYironmcnla) co\·:uiatcs wcrc 
thc mean tempcrature rrom so-wing to the U lcaf stage, the mean 
temper.lfure from lhe 12 leaf stage lo the end or the linear grain­
filling stage. the water balance around flowering, and thc su m or solar 
radiation around Oov¡·ering. Thesc six rm-ariatcscxplaincd about40% 
or thc. interaction cfTeL1 in all analyses, with cqual contrihution or 
gcnotypic .,·ariates (20%) and en,"ironmcntal \'ariatcs (20%). Flo-w­
ering cadiness of hybrids., water balanl'e around Dow·ering, and mean 
tempera tu re from thc 12 leaf siage lo thc end or tbe grain filling phase 
»ere dcterminants of genotype X Cll'o'ironmcnt inicraction for grain 
,·icld in the com'iidcrcd arca. A biological intcrprctation or thc inlerac­
tioo w·as attempted througb cxamioaSion or the regre!>Sioo paramcters. 

N EWLY REGISTERED CULTIVARS generaJly nccd to be 
tested at many locations and for severa! years be­

fare being recommended for a given zone. To achieve 
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this goal, multi-cnvironmcnt trials form the core of vari­
etal tcsting programs in many countries. Thesc programs 
have to facc thc rccurring problcm of gcnotypc X cnvi­
ronmcnt (GE) interactions. lndecd, diffcrential gcno­
typic responses to variable environmcnta) conditions, 
espccially whcn associatcd with changcs in gcnotypic 
ranking, limit thc idcntification of superior, stablc hy­
hrids. The GE intcractions are as mucha function ofthc 
cnvironmental variables as a function of thc gcnotypic, 
morphological, phenological, and physiological trail' of 
the varictics (Nachit et al., 1992). ldcntification of causal 
factors of the GE effect and quantification of uncx­
plalncd variation are of prime importance for sclccting 
for stability orto rccommcnd cnvironmcntally spccific 
varicties. During rcccnt decades, new dcvclopments 
havc bcen achicved in crop physiology, agronomy, and 
statistics and somc intcgratcd approaches appcarcd for 
GE interactions evaluation (Brancourt-Hulmel, 1999). 
Many fixcd or mixed modcls have becn uscd for dc­
tccting and charactcrizing GE interaction (van Eeuj­
wick, 1995a,b; Yan and Hunt, 1998; Vargas ct al., 1999). 

Until now, there havc bcen few attcmpts to analyzc 
this interaction for thc ncwly registcrcd varictics of 
maizc o ver an important series of years. Only van Ecuj­
wick ct aL (1995b) rcportcd results conccrning maizc 
multi-environmcnt triaJs over a series of 11 yr but they 
studicd forage percent dry-mattcr content and not yicld. 
Little is known about the most relevan! cnvironmental 

Abbrc,·iaüon..~ AGPM. Association Générale des Productcurs de 
:"1.·1a"ls. France; AM.MI, Additivc ,\hin effects and Multiplicativc Intcr­
aclion analysis; GDD. su m of Growing Da y Degrees: GDD!>_f. GDD 
from sowing lO nowering: GDDf_m. GDD from nowering to maturity; 
GE. genotype X environment Mg ha- 1• ton per hectare: RSD. Resid­
ual Standard Deviation.: SRL su m oí radiation around nowering (from 
06-20 lo 08---20): SS. Sum of Squares; TMs_l2L mean tcmperature 
from sowing to 500 GDD (12leaves stage); TM12l_e, mean tempera­
ture from 500 GDD to 1425 GDD (end of linear grain-filling phase); 
WA Tf, water balance around nowering (rainfall + irrigation- evapo­
transpiration from 06-20 to 08-20). 
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Using Partial Least Squares Regression, Factorial Regression, and AMMI Models 
for Interpreting Genotype X Environment Interaction 

Mateo Vargas, José Crossa,* Frcd A. van Eeuwijk, Martha E. Ramírcz, and Kcn Sayre 

ABSTRACT 

PartiaJ lcll'it squares (PLS) and fadorial regrc..'ision (FR) are statiS· 
tical models that inl·orporafc externa! cm·iromucntal and/or cuUintr 
mriahles for sfud)'ÍDJ!; :md intcrprcting gcnotypc X cm·ironmcnt intcr­
action (GEl). Thc Additi"·e Main effcct and Multiplicatin! lnleraction 
(AMMI) modcl uses only thc phcnotypic response ,,ariahlc ofintcrcst; 
howc,·er, if information on cxfcrnal cm·ironmcntal (or gcnotypic) 
mriahh.~ is auilahlc, this c:m he rcgrcsscd on thc cm·ironmcntal (or 
~cnoiytlk) scorcs cstimatcd from AMMI and supcrimposcd on thc 
A MMI biplot. Thc objct.ihcs of this study wilh hm whcat ('friticum 

• turgidum (L) Yar. durum] ficld ~rial~ »·ere (i) to compare fhc rcsults 
••f Pl.S, FR~ and AMMI on thc b~is of cxternal cm·ironmcntal (and 

• culfinlt) ''ariublcs. (ii) lo examine whcthcr proccdures bascd on PLS, 
FR, and AMMI idcntify thc samc or a difTcrcnt subsct of cultinn • • • • • • • • • 

andlor cn'\'ironmcntal cm·ariables that inHucncc GEl (or grain yicld, 
and (iii) to find multiple FR modcls that in dude cm·ironmcntal and 
culliYar conuiables and lhcir cross producto¡ that cxplain alargc pro­
portion or GEl "·ifh rclath'cly few dc~rccs of frccdom. Rcsulis ror 
lhc first trial showcd th:.tl AMMI, PLS, and FR idcnlilicd similar 
cult.i ... ar uud cm·ironmcntal variables that explained a largc proportion 
of the l'uUintr X ~·ear intcnu1ion. Rc.sults for lhc scmnd wheat lrial 
showed ~ood corrcspondcm.'C betwccn PLS and FR ror 23 em·iron­
mcnfal ctnariables. For both trials, PLS and FR complcment cach 
nlhcr and lhc AI\·1MI and PLS biplots offered similar intcrpretalinns 
of the GEl. The FR analysis can be u sed to conCirm thcsc results and 
lo obtain C\'CO more parsimonious dcscriptions or thc GEl • 

• MVI.TI-ENVIRO~MENT TRIALS play an important role 
in selecting the bcst cultivars (or agronomic prac-

• tices) to he used in future ycars at different locations and 
• in asscssing a cultivar's stability across cnvironmcnts 

bcfore its commcrcial rclcasc. Whcn thc performance e .)f cultivars is comparcd across sitcs) severa! cultivar 
• attributcs are considcred. of which grain yield is one of 

the most important. Cultivars grown in multi-environ-
• mcnt trials rcact diffcrcntly to cnvirnnmental changcs. 
• This diffcrcntial response of cultivars from onc enviran-

• • • • • • • • • • • • • 
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ment to another is called gcnotype X cnvironment intcr­
action (GEl). 

Gcnotypc X cnvironment intcraction has bccn stud­
icd, dcscrihcd, and intcrpreted by mcans of severa! sta­
tistical modcls (Crossa, 1990). Sorne models, such as 
analysis of variancc, rcgression on thc cnvironmcntal 
mean models (Yates and Cochran, 1938; Finlay and 
Wilkinson, 1963; Eherhart and Russell, 1966), and the 
1\dditive Main cffccts and Multiplicative lnteraction 
(AMMI) models (Gollob, 1968; Mande!, 1971; Kemp­
ton, 1984; Gauch, 1988) use only thc phenotypic re­
sponse variable of intcrest. Thc AMMI model is more 
parsimonious than thc convcntional analysis of variancc 
modcl in describing GEl and providcs greatcr 'cope for 
modeling and interpreting GEl than !he simple regrcs­
sion on the site mean becausc GEl can be modcled in 
more than onc dimcnsion. 

Whcn ínformation on external environmcntal ( or gc~ 
notypic) variables sueh as mcteorological data or soil 
information is availahlc, thesc variables can he corrc­
lated to or regrcssed on the environmcnta1 (gcnotypic) 
scorcs cstimatcd bv AMM!. lnformation from thcse rc­
gressions can be superimposed on thc AMMI biplot 
along with cultivar and cnvironmcntal scorcs (van Ecu­
wijk, 1995), so that interpretation of the grain yicld GEl 
is possihlc. Externa! cnvironmcntal information cannot 
he used dircctly in thc 1\MMI modcl, howcver. Whcn 
additional information on externa) cultivar variables is 
avai1ahlc (physiology, maturity, disease rcaction, ge­
nctic markers: cte.), other statistical modcls, indmting 
factorial regrcssion models (FR) (Denis, 1988; van Ecu­
wijk et al., 1996) and partialleast squares (PLS) regrcs­
sion (1\astvcit and Martens, J 986; Talbot and Whccl­
wright, 1989; Vargas et al., 1998) can be used to 
determine which of thcse externa! cnvironmcntal or 
cultivar variables influcncc GEl of grain yickl. 

Factorial rcgrcssion models are ordinary linear mml­
els that cxplain GEl by differcntial cultivar sensitivity 
to explicit externa! cnvironmentaJ variables (cnviron­
mental characterization) and have the advantagc that 
hypothescs about thc influencc of those externa! vmi­
ablcs on GEl of grain vield can be statisticallv tested. 
As with al! linear (egrcs;ion models, factorial rC'gression 
models hccome difficu1t to deal with when thcrc are 
many explanatory variables that are highly corrclated­
the multi-collincarity problem. PLS regression mode1s 
are appropriatc for thcse situations. As in factorial rc­
gression, PLS regression describes GEl in tcrms of dif-

Abbrcvilllions: AM;\11. AdUitive Main ef[ect and Multiplicatiw lntcr­
action: GEL genotype x cnvironment intcraction; FR. factorial rc­
gre~\ion~ PLS, partiallea.'>l .!tquares . 
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fercntial sensitivity of cultivars to cnvironmcntal vari­
ables. Thc diffcrcncc i~ that thc cxplanatory variables 
are hypothetica l, synthctic variables ( linear combina­
tions of t.hc complete set of mcasured cnvironmentnl 
and/or cultivar vmiab les) and thc rc is no limit to thc 
number of cxplanatory covariablcs that can be used. 
Thc PLS rcgression modcls are not linear models, so 
stam.lard linear rcgrcssion thcory for testing cannot be 
uscd; howcver, good altcrnativcs are available. 

Thc advantages and/or disadvantagcs of the above 
mcntioned statistical modcls for studying and interpre­
ting GEl with a largc numbcr of externa ! cnvironmcntal 
and/or cultivar variables havc not bccn compared. 
Thcrcforc, thc objcctivcs of this study wcrc to: (i) com­
pare the rcsults from AMM1 , PLS, and FR in two wheat 
trials whcn a largc set. of extemal cnvironmental (and 
cultivar) covariahlc~ are available, (ii) examine whcther 
proccdures bascd o n AMMI , FR, and PLS idcntify the 
sarnc or díffcrcnt suosets of cultivar and/or cnvironmeJJ­
tal covariables thal explain GEl for grain yicld, and 
(iii) find more pan;ímonious mult.iple FR modcls that 
includc envimnmcntal a nd cultivar covariablcs and thcir 
cross products thar cxplain large proportion of GEl with 
rclatively fcw dcgrces of frc~::dom. 

MATERIALS ANO METHOOS 

Throry 

van Ee uwijk (1996} gave a comprehensivc description of 
the AMMI and FR model.s and how lo apply thcm to assess, 
!iludy. and inlc rpre r GEl. Vargas et al. (199~) describcd thc 
thcory of PLS in 1he context or GEJ nnd dctai!cd its algorithm. 
Th c AMMI. fR , and PLS models are brielly descrihed Itere. 

A MMI Model aod tbc Biplot. A bal'icmodel for the analy~is 
of thc t wo-way tahlc of cu ltivar yield by cnvironment data is 
thc analy!<is o f variance model: 

[1} 
wherc E stands for cxpcclation . 11 is thc grand mean. T¡ ís t.he 
main effect of the ilh cultivar, f3; is the main cffeet of thc jth 
sit.e. and (T!));i is thc G.EJ effcct of lhe ith cultivar in rhe 
jth cnvironmcnt. 

Model [1] can be wríttcn in matrix notntion as: 

E(Y) "" I.Ll¡lj + Tlí + l ¡Jl' + T(l (2] 
whcrc Y = (1·,1) is thc data malrix of si1.e ( X J of grain yield 
of 1 cultivars in J envíronments, ¡.~. is a scalar rcprescnting the 
gnwd mean, '1' = (7,) i~ a 1 X 1 vector of m a in effccls of cultivars. 
f3 = (f31} is a JX l vecto r or main dfccts of sites, and Tf3 = 
(T¡3);¡Ís the I XJ intcractio n matrix (nota vector product) whcre 
cach clcmcnt of thc matri.x spccifies !he interaction efrec! for 
the ith cultivar in thc jth si te. 1, a nd l¡ are unit \'CCtors of size 
l X I and JXI. rcs pcctively. The common constraints are 
} j T = t;p = 0 and JjTf3 1; = 0. 

As mentioncd previously, a commonly used proccdurc fo r 
modcling GET is thc simple rcgression of cultivar performance 
on thc environment mean sucb thal (•13),1 = ~;131 + d;r where 
t, measures thc scnsiLi vi ty of lhe ith cult ivar to prcvailing 
enviro nmc nt.al conditíons in thc multiplícative (bilincar) tenn 
~.f3; ami dij is lhc residual lenn (Yates and Cochran. 1938: 
Finlay and Wilkinson, 1963; Eoerhart a nd Russcll, 1966). This 
modcl can be dcpicted as a set of straighr lincs wilh dil'fcren t 
slopcs. one for cach cul tivar, whcre thc heterogeneity of ~Jopes 
accounts for thc GEl. S ince hcterogeneity of slopes in t.his 
model generally explains only a small proportion or t.hc usually 
complex GEl. a more claborate rnodel is often necessary for 
an adcqualc dcscriplion of GEl. 

A generali.zal ion of the rcgression on thc si te mean modcl 
is the muJtiplicativc (bilincar) model 

E(yq) = Jl. + T¡ + f3¡ + LÁ ~ 1, K hA 0,1 "'/;J. [3 J 

also ealled Principal Componen\ Analysis (PCAj of thc GEl 
or Additivc Main effcct and Multiplicativc Jnteraction 
( AMI\{J) modcl (Gollob,l96R: Mandcl 197J: Kempton, 1984: 
G nuch. 19&:1) or bindditivc modcl (Dc nis and G owcr. 1994). 
The parametcrs ~. 'T,. and ~J are the same as in th c analysis 
of variancc model. Khcing thc number of multiplicative (bilin­
ear) tem1s in the modcl. The 1\• are scaling constants obtaincd 
from the singular valuc decomposition of the residual matrix 
consisting of thc two-way tablc of mcnns corrcctcd for culth·ar 
and sitc main c rfccts (residual from additivity), Jl' ;i = Y•­
y, - Y¡ + y_, (Gabriel. 197X) and are ordered such thal ;..~ ~ 
>.~+•· The Ou are cultivar intcrac:tion paramcters (or scores) 
that me asure cultivar:;ensi tivity to hypothctical environmcntal 
factor& denotcd by c nvironmcntaJ intcraction paramctcrs 'Y;( 
(or ~corcs). Orthonormalíty consl.rJints for thc cultivar and 
cnvironmental scorcs are r. Or~ ~ r¡ "ifk = 1 and E;O;~ ll,~- = 
l:¡ 'Yil: 'Yw = O for k # k'. 

For detcrrnining t hc numbcr of multiplicatíve terms to be 
retained in a multiplicmive model. variou.<: tests can be used. 
Thc F·te~t of Oollob ( 1.968) uses the rat io hctween thc mean 
square for axis k against an estímate of t hc error tcrm. Thc 
mean squarcs o r a xis k is calculatcd by taking the square of 
Át. and Lhc corresponding dcgrees of freedom. computed by 
(/ - l) + (J - l) - (2k - 1 ). Usillg simulation studies, 
Cornelius {1993) showcd that the Gollob's F·tcst is ve!)' lib· 
e ral. Thus, in this study we ha ve used the appro ximatc F-tests 
FGJ11• [.'ll· and F1 {Cornclius et al., 199), 1W6: Cornelius. 1993). 

Model [31 written in matrix notalion is 

E(Y ) = fJ. I1l; + -.1; + J.(l' + e A r· 141 
whcre thc first threc tcrms on thc right side are the same as 
in Eq. [2]. The fourlh term rcpresents the GEl. whcrc 8 = 
(O;~) is a IX K rna trix . ,\ = O•u ) is a K x K diagonal matrix 
and r = ('Y¡k} is aJX K matri.~. The no mtalization and onhogo­
na!ity con~truints are l í'l - lí p - O .. l í8 = l j 1' = O. wherc 
O is a matrix of zcros of size 1 XK, and e·e = rT = JK. Thc 
kth biünear tcnn, k= 1, ... , K, is Cormed by a score Oil. spccillc 
to Cultivar i, a sea le constan! factor A.u and a score 'Y¡~ specific 
lo Si le j. 

Thc results orA MMI analysis can he prescntcd graphícally 
in thc form of biplots (Gabriel, 1971) in which the cultivar 
and cnvironmcnt seorcs of thc first lwo or three bilinear 
(mulliplicative) lenns are representcd by ''ectors in a ~pace. 
with starting point ~ at the orig.in a nd cnd points detcrmined 
by the scores. lJsually thc environmcn!al and cultivar scores 
ofthe first and second bilincar tenns are plottcd. The distance 
be.twccn two cultivar \'ectors (their cnd poinL") is indicalive 
o f the amounl of interaction hctween the cul!ivars. The CO$Íne 
of thc anglc between two cultivar (or eMironment) vcclors 
approximates the correlation betwecn the cultivars (or envi· 
ronments) with respect lo thcir interaction. Aeute angles indi· 
c ate positívc corrclatio n. with paraUcl vectors (in cxactly thc 
same directíons) reprcsenting a co rre lation of J. Ohtuse angles 
represen! ncgat ive correlations, with oppositc directions indi­
cating a corrclalion of - l. Pcrpendicularity of dí rcctions ind i· 
cates a corrclation of O. The relativc amounts of intcraction 
for a particular cult ivar ovcr environments can be oblained 
from orlhogonal projcctjon,..; of !he environmcnlal vector.; on 
ihe line dctcrmined by the di.reclion of thc correspnnding 
cultivar vec tor. Environmental vectors having the samc direc­
tion a~ the cultivar vectors ha ve posil ive intcractions (that is, 
thel!e cn.,ironmcnL~ favored these culLi\·ars), whereas vcctors 
in thc oppositc directinn havc negativc in teractions. 

Thc biplol obtníncd from AMMI can be cnrichcd by a 
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proccdurc dcscribed by van Eeuwijk (1995). Information on 
extcrnal environmental (or cultivar) variables can he corrc­
lated to or regressed on the environmcntal or cultivar intcrac­
tion paramctcrs ( O;k or "f¡k) cstimatcd frnm AMM I and incorpo­
ratcd into the biplot so that a hctter interprctation of thc GEl 
of oraín vield can be attemptcd. Once it has bcen dccidcd 
that the ÁMMI solution has, for example, two axcs for intcrac­
tion, the squared correlation coefficients from thc rcgrcssions 
of thc covariablcs on thc scores of both axcs simultancously 
(rcgression through the origin) are computcd. Whcn this 
squarcd correlation is sufficiently high. information for the 
covariables can be drawn in the biplot by giving thcm a dircc­
tion that is determined by thc rcgression coefficicnts (van 
Ecuwijk, 1.995). For example, if onc cnvironmcntal covariahlc 
is rcercfiscd on thc AMMI environmental scorcs of Axcs 1 
and 2, then cocfficients bm,1 and ba~¡,2 serve as coordinatcs 
for that covariable in thc biplot. When thc cnvironmcnts are 
projectcd in the direction dctcrmined by thc rcgrcssion cocffi­
cicnts (h.,;. 1, h,"¡d, it givcs thc rank-ordcr of thc cnvironments 
on this cnvironmcntal covariablc. Thc samc can also he done 
for cultivar covariables. 

• Factorial Regrcssion l\"lodels. Factorial Rcgression modcls 
•• !so have multiplicativc structure for thc intcraction. likc thc 

AMMI modcl. The main diffcrcncc bctwccn PR modcls and 
mtJltirlicative models such as AMMJ model is that in PR the 
GEl (residual matrix consisting ofthe two-way tablc of mcans 
corrccted for cultivar and site main effccts. )';¡ - Yr. - Y¡. + 
)'..) is modeled directly as a function of the cultivar anden vi­

ron mental variables. A factorial reurcssion modcl for thc mean 
of thc ith cultivar in the jth cnviron~ment, for which thc intcrac­
tion includcs the cultivar covariahles x;1 to x.~;. is 

• • • • • • • • • • • 

[5] 
Thc paramctcrs !J., T;. and ()¡are thc same as in Eq. [!] and 
(3l The GEI consists of the products of thc cnvironmcntal 
factors ~1 to ~¡r; with respect to cultivar covariablcs x;1 to x;u 

(G ~ 1 - 1). The cultivar covariables are known. but thc 
cnvirnnmcntal potentialitics havc to he cstimatcd. Jn matrix 
notation, Modcl [5] can he writtcn as: 

E( Y) ~ ¡Ll,lj + Tlí + 1,¡3' + XE' 161 
where the first thrce terms on thc right sidc are the samc as 

• bcforc. X= (.r,-1 ) is a /X G matri.x of known cultivarcovariahlcs 
and S= (~;0 ), a J>:..G mat.rix of unknown cnvironmcnt.al con­e .tants. and G is the numbcr of cultivar covariablcs. 

An FR model in which the interaction part contains thc 
• environmental covariables z11 to Z¡11 can he writtcn as: 

• • • • • • • • • • • • • • • 

The GElterm in this model allows the cultivars lo have diffcr­
ent scnsitivities, ~;1 to ~¡11 (H ~ 1- 1 ). to thc cnvironmcntal 
covariablcs. Thc values of thc cnvironmcntal variables are 
known. but the cultivar sensitivitics nccd lo be cstimatcd . 
Similar to Model (5]. Modcl [71 can be writtcn as: 

[8] 
wherc Z = (.~p,) is the ]X JI matrix of environmcntal covari­
ahles and ~ = (~¡¡,} is a JX!l matrix of cultivar scnsitivitics, 
and H is the numbcr of environmcntal covariablcs. 

The structure of thc FR modcl including both cultivar and 
cnvironmental covariables simultaneously is similar to that of 
Modcls [5] and [7] (Denis. 1988: van Ecuwijk ct aL, IY96). In 
matrix notation it can be written as: 

E( Y) ~ !LUí + Tlí + 1,(3' + XvZ' + X E' + ~Z', 
[9] 

where in lhe new term XvZ', •' is a Gxll matrix ofrcgrcssion 
cocfficicnts to cross-products of cultivar and cnvironmcntal 

covariables. General identification constrainLo; for factorial rc­
grcssions with already centered covariables are rx = Z'?. = 

O. where O is now a matrix of zeros of order /IX C. CovariabJc~­
may be quantitative and qualitcltivc, and more complicatcd 
FR modcls are possible by combiningquanlitativc and qualita­
tivc covariables . 

In this study the FR procedure was implemcntcd in GEN­
STAT version 5. releasc 3.2 (GENSTAT. 1995). Thc stepwise 
procedure implcmcnted in Gcnstat for thc multiplc linear 
rcgression. selects a term to be included or excludcd from the 
model based on an F-test. For cxamplc. ror X¡, X1• X 3• and 
X.¡, explanatory variables. the proccdurc starts by fitting a 
modcl containing variable X1• Then it attcmpts to drop .'\'"¡ 
and lo add, one at thc time. X1, ..-\'3• and X.1• Thc rroccdurc 
pennancntly modifics the currcnt modcl according to thc 
change that was most successful: if dropping X 1 improvcs thc 
model, then X1 is permanently removed; or, whcn no rcmovals 
are worthwhilc, if adding X1 givcs thc higgcst improvcmcnt, 
thcn X 2 is pennancntly included. Thc stcrwisc proccdurc 
allows for forward sclection or backward climination. 

P.11rtial Le.11st Squ.11res Regres..<tion. In many situations. when 
thc number of variables (S) is much largcr than thc number 
of obscrvations (N). and there is high collincarily among vari­
ables, the usual mcthods for fitting regressions bascd on ordi­
nary least squares are not adcquatc. In this situation, partlal 
least squares regression seems to be a more appropriatc alter­
native. Details ofPLS theory (Helland.1988) and its similarit­
ics to principal components regression and stcpwise multiplc 
linear regression are describcd in Aastveit and Martcns ( 191-\6). 
A description of univariate and multivariatc PLS and thcir 
algorithms was givcn in Vargas ct al. ( 1998). ln this papcr, 
thc multivariate PLS algorithm. the cross validation procc­
durc. and the F-test werc applied by a procedure implcmentcd 
in GEt\STA T version 5. re le ase 3.2 (GENSTA T. 1995). 

for the standard situation wherc multivariatc PLS is used 
to model cultivar responses (Y) ovcr cnvironmcnts on cnvi­
ronmental covariables (Z ). the corresponding bilincar forms 
are Z = TP' + E and V = TQ' + F, rcspcclive!y. whcre 
malri.x T contains the Z-scorcs. matrix P contains thc Z-load­
ings. matrix Q contains the Y -loadings, and E and F are thc 
residual matrices. It is easiest to work with thc transposc of 
Y: Y'such that the columns of Y' (i.e .. thc rows of Y) contain 
cultivar responses overcnvironmcnts. Thcn E(Y') = (TQ')' = 
QW'Z' = ~Z', whcrc T contains thc Z-scorcs (indcxcd by 
cnvironments), W thc Z-Joadings (or wcights. indcxcd by cnvi­
ronmcntal variables), and Q thc Y-loadings (indcxcd hy gcno­
types). ~ contains the PLS approximation to thc rcgrcssion 
coefficients of thc responses in V' (gcnotypic responses) lo 
thc explanatory variables in Z (environmcntal variables). Note 
that ~Z' is the sume as thc last term of Ey. [t-:]. From this 
formulation, it can be dcduccd which biplots can be con­
structcd to summarize PLS analyses. The set T, W, and Q can 
be depicted in the samc hiplot: thc rows of matrix T contain 
the coordinatcs for cnvironments. thc rows of \\7 contain the 
coordinates for environmental covariablcs and thc rows of Q 
contain the coordinates for cultivars. Projcction of thc jth row 
of Ton thc ith row of Q (or vice versa) approximatcs the 
interaction of the ith genotypc on thc jth cnvironmcnt: Y'= 
(TQ')'. Projection of the hth row of \V on thc ith row of Q 
(or vice versa) approximates thc rcgrcssion cocfficicnt of thc 
ith gcnotype on the hth cnvironmental covariablc: QW' = ~· 
Thus. the PLS biplot including rcprcscntatíons of cultivars . 
environments and covariables allows thc samc types of inter­
pretation to he made as the cnrichcd AMMI birlot intro­
duced earlier. 

\Vhen environmental responses over cultivars are modelcd 
on cultivar covariables, E(Y) ~ TQ' ~ XWQ' ~ XE' (lhc 
samc as the !ast term of Eq. [61) thc rows of T will contain 
coordinates forthc cultivars. thc rows ofW will contain coordi-
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na tes for the cultivar covariatcs, and thc rows of Q will contain 
coordina tes for thc cnvironments. :E' contains the PLS approx­
imation to the rcgression cocfficicnts of the responses in Y 
to the explanalory variables in X. Biplot relations follow from 
Y ~ TQ' and WQ' ~ ?:'. 

Expcrimentnl Ilota 

Durun1 Wheat Variety Trial (Unta Set l). This data set, 
used by Vargas ct al. (J99R), consisted of one experiment with 
scvcn durum whcat cultivars tcstcd for 6 yr (1990--1995) in 
Ciudad Obregón. Mcxico. The cultivars includcd werc a histor­
ical set releascd from thc carly 1960s to the late 1980s; the 
arder of Numbcrs 1 to 7 is thc arder of cultivar releases over 
time (Sayrc et. al., 1997). 

Thc cultivar variables, X. wcrc days to anthesis after emer­
gence {ANT), days to maturity aftcr emergence (MAT), days 
of grainfill (GFI), plant hcight (cm) (PUl). above-ground 
hiomass (kg ha- 1) (ll!O), harvcst index (!liD), vtraw yield 
(kg ha·- 1

) (STW), numhcr of spikcs pcr square meter (NSM), 
numbcr of grains pcr squarc meter (NGM), numbcr of grains 
per spike (NGS), thousand-kcrncl wcight (g) (TKW), weight 
per tiller (g) (WTI), spike grain wcight (g) (SGW), vegetative 
growth ratc (kg ha- 1 d- 1) (VGR). and individual kernel growth 
ratc (mg kcrncl- 1 d- 1) (KGR) during the grainfill period_ 
Thc cnvironmcntal variables, Z, measured from Decembcr to 
March of cach ycar wcrc mean daily rnaxirnum tcmperature 
("C) (MT). mean daily mínimum tcmpcrature ("C) (mT), 
monthly total prccipitation (mm) (PR), and sun hours per 
day (SH). 

\Vheat Agronomic Trial (Data Set 2). This data sctconsisted 
of onc whcat cxpcrimcnt including several treatments for cul­
tural practicev. conductcd over 10 yr (1988-1997) in Ciudad 
Obregón, Mexico. Each ycar thc cxpcriment was arranged in 
a randomizcd complete block design with three replicates. 
Trcatmcnts wcrc obtaincd by combining four factors at thc 
following lcvels: tillagc at 2 levcls ( 1 = with deep knife. 2 = 

without decp knifc ), summcr crop at 2 lcvels [1 = se-sbania, 
(Sesbania spp.) 2 ~ soyhcan (Ciycine nwx (l.) Merr.)]. ma­
nurc at 21cvcls ( 1 = with chicken manure, 2 = without chickcn 
manurc). and nitrogcn fcrtilization ratc at 3 lcvcls (1 =O kg. 
N ha-•. 2 ~ 100 kg N ha-• and 3 ~ 200 kg N ha-1), resulting 
in 2 X 2 X 2 X 3 = 24 trcatments. Therefore. Treatment 1 is 
[1-l-1-1]. Trcatmcnt. 2 is [2-1-1-1], Trcatmcnt 3 is [1-2-1-1], 
ancl so on up Trcatmcnt 24 [2-2-2-3]. 

Data matrix Y had 24 rows (treatments) and 10 columns 
(ycars). Matrix Y had grain yicld intcraction rcsiduals ()i;¡­
)i;. - Y;. + )iJ. Thc 27 cxplanatory variables in the Z matrix 
of sizc lO X 27 (ycars X cnvironmental variables) wcrc mean 
minimum tcmpcraturc shcltcrcd (°C) (mT). mean minimum 
tempcraturc unshcltcrcd ec) (mTU). mean maxirnum tem­
perature shcltcred ('C) (MT), total monthly precipitation 
(mm) (PR), mean sun hours per da y (SH), and total monthly 
cvaporation (mm) (EV). Environmental variables were mea­
surcd from Dccember through April of each year. All covari­
ables wcre ccntcrcd and standardized prior to analysis. For 
reasons of consistcncy with earlier analyses (Vargas et aL 
1998). the columns of the Y matrix were standardized. 

RESULTS 

Data Set 1 
AMMJ Analy!iiis! Biplot and Correlations 

Thc combincd analysis of variance across years 
showed that 66% of variation among the 42 cultivar X 
ycar combinations was cxplaincd by differences among 
cultivar means, 22% hy differcnccs hetween year means. 
and 5% by cultivar X ycar interaction (Table 1). AMMI 

analysis ofvariancc indicatcd that the first multiplivativc 
term was significan! (1' < 0.05) by the FGH! test (Corne­
lius ct al.. 1993, 1996; Cornclius, 1993) and thc first two 
multiplicativc tcrms wcrc significan! (!' < 0.05) by the 
F1 and FR tests (Cornclius ct al., 1993, 1996; Cornelius, 
1993). Thc first bilincar interaction term of the AMMI 
analysis of variancc accountcd for 65% of the cultivar X 
year intcraction sum of squarcs with 10 degrees of free­
dom and thc sccond for 15% with 8 degrees of frecdom. 
Thc first two bilincar terms accountcd for 80% of the 
intcraction, indicating that with only 18 degrees of free­
dom, from thc 30 dcgrccs of frccdom contained in thc 
analysis ofvariancc cultivar X ycar intcraction, a consid­
erable amount of thc GEl was explaincd (Tahlc L). 

To invcstigatc rclationships between additive and 
multiplicativc paramctcrs in the AMJ.\11 model and the 
valuc:;; of thc cultivar and cnvironmcntal covariablcs, 
corrclations coefficicnts wcre calc.ulated betwecn thc 
cultivar mean grain yiclds and each of the cultivars cova­
riables. Similarly, thc cnvironment means for grain yield 
wcrc corrclatcd with cach of thc cnvironmcntaJ covari­
ablc. Thc cocfficicnts of dctcrmination (R') for the re­
gression of thc standardizcd cultivar and cnvironmcntal 
covariablcs on thc cultivar and environmental scorcs of 
!he first two bilinear terms (scores of Axes 1 and 2) 
wcre also computed. Thc cultivar main effect was highly 
positively corrclatcd with number of grains per square 
meter (NOM), number of grains per spike (NOS), har­
vest index ( HlD ), spike grain weight ( SOW), and above­
ground biomass (810), and was highly negatively corre­
lated with individual kernel growth rate (KOR) (Tablc 
2). Thc R' values of thc regressions of these cultivar 
variables on thc scorcs of AMMI Axes 1 and 2 were 
also high. The environmcntal main cffect was negatively 
corrclatcd with thc cnvironmental variables, minimum 
tempera tu re in Dccembcr (mTD), January (mTJ), and 
February (mTF) and prccipitation in February (PRF), 
and positivcly corrclatcd with maximum temperature 

Table l. A MMI analysis of variance for l)ata Sets 1 and 2. Data 
Sct 1 consistl.>d of onc cxperiment with seven durum whcat 
culth·ars tcstcd for 6 yr (1990-1995) at Ciudad Obregón, M ex· 
ico. The cultivars included \\'ere a historicaJ set relea.'\ed from 
the earlv 1960s to the late 1980s. Data Set 2 consisted of one 
'"·hcat ,;xperiment including scnml treatments for cultural 
pmcticcs, conducted onr 10 ~·r (1988-1997) at Ciudad 
Obregón, Mcxico. 

Sum of !oqlUire¡, Meno squares. 
So urce df (X 10'1! (X 11Yit Prob 

Data ~et 1 
Cultin1r 6 IK3.740 306.2.33 0.0001 
Year 5 62.624 115.248 0.0001 
Cultñ·ar X vear 30 14.547 4.849 0.0001 

Bilinear ienn 1 10 9.549 9..549 0.0001 
Bilincar term 2 R 2.238 2.m 0.0679 
l)cl·iation t2 2.7(,0 2.300 0.1169 

Error 72 10.410 1.446 

Data ¡,et 2 

Trcatment 23 773.970 336.508 0.0001 
Year 9 373.260 414.733 OJ)()OI 
Year X trcatmcnt 207 279.520 13.503 0.0001 

Hilincar tcrm 1 3t 151.130 48.751 0.0001 
Bilinear tcrm 2 29 39.112 13.486 0.0001 
Bilincar lerm 3 27 36.781 13.622 0.01101 
ne,·iatioo!tl t20 52.497 4374 0.0001 

Error 4()0 110.870 2.410 

t Actual nduc!> muHiplicd hJ tbi.o; factor to ohtain rc¡mrtcd \'<Jiuc!l. 

• •• • • • • • • • • • • • • • .: 
• • • • • • • • • • • • •• • • • • • 
8 
~ 

• • • • • • • • • 
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in Occcmbcr (MTD) and January (MTJ) and sun hours 
in January (SHJ) and Fcbruary (SHF). 

Thc AMMI hiplot (Fig. la) separates the high yielding 
ycars, 1990, 1991, and 1994, from !he low yiclding ycars, 
1993 and 1995, along the fist axis from lcft to right. With 
rcspect to cultivars, along the horizontal first axis, carlicr 
relcased cultivars, 1 and 2, are separatcd from intcrmc­
diatc and la ter rcleascd cultivars, 3, 4, 5, ti, and 7. Culti­
vars 1 cmd 2 wcrc positively influcnccd by cnvironmcntal 
conditions in 1990, 1991, and 1994 and negativcly intlu­
cnced by environmental conditions in 1993 and 1995 . 
Cultivan; 5 and 6 wcre favorcd in 1995 and, lo sorne 
cxlent, in 1993, while they werc negatively influcneed 
by cnvironmcntal conditions prevailing in 1990, 1991, 
1992, and 1994. 

Tablc 2. Corrcl:1tions cocffidcnts (r) hctween l'ulth:ar cnvuriablcs 
,·crsus culth·ar mean grain yicld and environmcntal covariablcs 

• 
\o'ersus em·ironmcntal mean grain yield. and the proportion or 
variation explained in cach culth:ar and emrironmental ''ariablc 

• 
• hy the rcgrt!!'sion ofthc culti\'ar and environmcntal covariables 

on thc scorcs nf thc first hm AMMI hilincar tcrms (ll2) for 

• • • • • • • • • • • • 

llatu Scts 1 :md 2 . 

Co,~riahlc 

HIU 
1\GS 
N"GM 
SGW 
KGR 
PLH 
BIO 
AI'\T 
WTI 
l\1,\'1" 
TKW 
VGR 
NSM 
STW 
Gl:<"l 

Cultivart 

Cnrrclation 

O.IJ4** 
0.96** 
0.99** 
0.90** 

-0.82* 
0.71 
ll.H9"* 

-0.48 
0.47 

-0.45 
-0.67 

0.6."\ 
0.10 
0.01 
0.14 

En,·ironmcnlul+ 

Data set 1 
Em·iroumentalt 

/(~ Co,ariable Correlation H' 

0.91 PRF -f).(i6 0.95 
0.90 MTM -0.2H 0.87 
0.811 mTJ -0.81* 0.115 
0.85 SHM -0.43 0.711 
0.84 SHF O.ti8 0.75 
0.74 SHJ 0.70 0.75 
O.(,(, MTJ 0.55 0.72 
0.61 PRJ -O_'i4 0.67 
0.58 PRM -036 0.(>4 
0_';8 SHO 0.45 0.46 
0.41 MlU 0.76 0.43 
0.41 r..HF 0.12 0.32 
0.3() ml'F -0.75 0.30 
0.18 mTD -0.60 0.29 
0.10 PRD -0~14 0.08 

mTM -031 0.04 

Data ~ct 2 
Em·ironmcnlalt 

•• mariuhlc Correlatioo H' CoHtriahle Corrclation H' 

• • • • • • • • • • • • • • • • 

EVA 
m'I'M 
mTllftl 
EVIJ 
MTF 
E\'J 
SHJ 
mTUF 
mH' 
E VI-' 
lWI\·1 
rn.1~ 

PIU 
m'I'UJ 

0.17 
-0..33 
-0.24 

o_.:;4 
-0.01 

0.42 
0 .2M 

-034 
-0.41 

0.47 
0.19 

-1137 
-0.25 
-0.03 

0.68 
0.67 
O.ti2 
0.58 
o_.:;_, 
0.52 
0.51 
0.49 
0.48 
11.45 
11.36 
0.35 
0.33 
0..32 

MTA -0.15 032 
mTD -030 0.28 
SHD 0.2.' 11.25 
mTJ -0.21) 0.25 
mTUD -0.20 0.25 
MTU 0.59* 11.24 
MTJ 0.31 o.u 
PRM -0.29 0.22 
m TUA 0.27 0.14 
l'RIJ -0-'ifl 0.14 
mTA 0.4., 0.08 
sur -0..30 0.20 
MTM -II.B 0.00 

". *~ Signilicanlh· diffcrent from zero ut thc 0.05 and 0.01 lncls of prohuhil­
ily, rcspcctiHI)·. 

t HJI) ""' harw¡,t indcx. NGS = numbcr of grniu!. pcr !.pikc, !'iGJ\1 = 

nu.mher of graim per l>quare meter. SGW = !.pikc grnin wcigbt, KGR = 
indhidual kernel gro"'th r.Jte. PLH = plaol heighl, BIO = ahove-ground 
hiomaM • ., ANT = da y¡, to antbc!>is aík'r cmergence, WTI = "'·eight per 
tillcr. 1\:IAT = day!. to malurity afier emcrgencc, TKW = tlunL.,and 
kernel \\cight, VGR = ,·egctutive gtn"·tlt r.tic, 1\iSM = numhcr ni' spikc!. 
pu l>quarc meter. STW = !!iraw Jield, GFI = rla~.'i for grain lilling. 

+ PR = total m()nthl~· prccipitation. MT = mean ma\.imum tempcr.tturc 
!.hcltercd., mT = mean minimum temperature, SH = sun houn; per day:; 
EV = total monthly naporation; m TU = mean mínimum tcmpcraturc 
ua!.hcltcrcrl; lJ = IJcccmhcr, J = January, F = Fchnmry, M = March, 
A = April. 

T o help interprct the AMMl biplot patterns, thc di­
rections of grcatcst changes for six cultivar covariahlcs 
(R2 > 0.73, Tahlc 2), as obtained from rcgressions of 
the standardizcd covariablcs on the first and sccond 
AMMl axcs, wcre addcd to thc biplot. Thcsc wcrc, in 
decreasing ordcr with rcspect to R', HID, NGS, NGM, 
SGW, KGR, and PLH. Cultivars 1 and 2 had abovc 
average va]ucs for KGR (i.c., thcy werc positivcly asso­
ciated with covariablc KGR) and had bclow average 
values for PLH, SGW, NGS, NGM, and HID. Thc intcr­
mediatc-rclcascd cultivars, 3 and 4, and latcr rcleascd 
cultivar, 7, had abo ve average val u es for H!D and NGM, 
and below average valucs for KGR. Cultivars S and 6 
had abovc average valucs for SGW. PLH. and NGS. 
Cultivars 1 and 2 had the largest values for KGR; Culti­
vars 3, 4, and 7 showcd the largest valucs for H ID and 
NGM; and Cultivars 5 and 6 had the Jargcst valucs fnr 
NGS, PLH, and SGW. 

The dircction of thc grcatcst changcs for six environ­
mental covariablcs (R' > 0.75) was also addcd to thc 
AMM! hiplot (Fig. la). Thesc wcre in dccrcasing ordcr 
with rcspcct to R2 PRF, maximum temperaturc in March 
(MTM), mTJ, sun hours pcr day in rnarch (SHM), SHF, 
and SHJ. Minimum tcmpcrature in Decembcr ( R' = 
0.286) was included in thc AMMI biplot for rcasons 
that will be explaincd la ter. Y cars 1993 and 1995 had 
above average valucs for MTM and SHM but bclow 
average valucs for SHF. Years 1990, 1991, 1992, and 
1994 had high SHF, but low SHM. 

Apparcntly SHM and MTM in 1993 and 1995 causcd 
Cultivars 5 and 6 to dcvclop rclatively more NGS and 
to have hcavier SGW than the other cultivars. Years 
1990, 1 YYI, 1992, and 1994 had lower values of SHM 
and MTM ancl, Cultivars S and ti had correspondingly 
Jower NGS and SGW in !hose vcars. S un hours in Janu­
ary ancl Fchruary (SHJ ami SHF) in 1990, 1991, 1992, 
and 1994 hclpcd Cultivars 1 and 2 devclop high individ­
ual KGR; howcver, low SHJ and SHF values in 1993 
and 1995 were nol conducivc for Cultivars 1 and 2 to 
dcvclop this trait. 

Explaining Genotype X Em·ironment Interaction Using 
Partial Lca~t Squares und lndhidual Factorial Regrcssion 
with Culth·ar Exphmatory V uriahles 

Rcsults frorn thc PLS proeedure showcd that thc 
first and sccond factors cxplained 56 and 13% of thc 
cultivar X year intcraction, rcspectively. Table 3 shows 
the X-loadings (wcights) for each cultivar covariahlc 
sm1cd by thc first PLS factor, as wcll as the complete 
set of individual factorial rcgressions on each cultivar 
covariablc. rankcd bv their contribution to thc total 
cuJtivar X .year sum ¿f squarcs. 

With respcct lo thc FR analysis, therc werc 15 cultivar 
covariables availablc, but only a maximum of G :::::; 1 -
l of thcm can be uscd simultancously, where G is the 
numhcr of cultivar covariablcs and 1 is the numbcr of 
cultivars (7). i\11 thc cultivar covariahles wcrc included 
in the individual FR models and !hose that explained 
most of thc cultivar X year intcraction sum of squarcs 
wcrc thc same as those that had the highcst R' values 
with AMMI scorcs (Tablc 2), namely, NGS, NGM. 
SGW, HJO, PLH, and KGR. The rank ordcr of the 
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Fig. 1 {A). Riplnf or the firsl and sccond ;\MMI ax<'S represcnling 

the cn•·ironmcntal and cullh·ar s•:ore~ nf (, yr (19911-1995) und 
sewcn durum ""he>~l culth"Brs (1- 7) enrkhed " ich lbc dircdioo of 
grc>~l~1 cllangc of sclec:ted cuJtivar and en•ironment:ll rnvariables 
rmm l>uta Sct 1. Scalíng ~oostanl r = O.S. Cullin1r mvuri:ables are 
PI.H ·· planl hcighl, KGR = individuad kernel ¡:ro"1h rafe, HID 
"' han·cst indcx, NGS = numbcr or gr11in.~ p cr S(likc, NGM = 
numher or gr>~ins per square meter, SGW = spikc ¡:rain weight. 
Environmcnllll l'0•11ri:ables are SH = sun hours per d.ay. MT = 
mcun moxlnaum rcmper-.uure: 1> = J>ecembcr, J = Junuary, F = 
Fcbru1try, 1\1 = Marcb. 

cultivar covariables in relation to how much thcy con­
tributcd to explaining the cultivar X year intcraction 
was practically identical for the PLS approach and thc 
FR modcl. 
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Fig . . 1 (8). Biplol or the f'usl and sccond Pl.S factors rt:.oprescnling 

tite X-scores of ~··en durum wheal cullivar!l (1-7), lhc Y-loadings 
nr 6 n ( 1990-1995) cnrichcd "'ith lhe X·loading~ of 15 cultiur 
cova.:Íablcs front 011ta Set 1. Scaling ~on~hml ~ = 0.5. Cullh·ar 
•·ariohlcs are NGS = number of grains per spil;e. Hll) = han'csl 
index, SGW = spikc gr,¡jn weight. NG~t = number or pos per 
square mctcr,KGR = indifiduaJ kernel gro"·lh ratc, PJ.H " plant 
hcight, OJO = aboH~·ground b iomass. VGR -~ \"t:.-gcwth·c growlh 
rute. t\NT = duys In anlhesis a ller emergen ce, WTI = wcighf pcr 
tillcr, TKW ~ thounnd kernel wcigbt. MAT "' days lo malurily 
after cm('fgcncc. GFI = days for graín filling, SlW = slraw yie!d, 
NSM = number or spikes per squarc meter. 

The PLS bíplot of environmental responses over culti­
vars versus cultivar covariablcs is dcpictcd in Fig. lb. 
Similaritics to thc AMMI biplot (Fig. l a) are cvident. 
The PLS biplot shows th élt subsets of corrchtted cultivar 
covariablcs can be distinguishcd (the angle bctwccn thc 
variables is important): (HJD, NGM), (810, NGS, 
VGR, SGW, PLH), (GFJ, WTI), (STW, MAT, TKW, 
A NT, KGR), and NSM.ln contrast to thc AMMI bíplot, 
the PLS biplot scparatcd Cultivar 7 from Cultivars 3 
and 4, and groupcd it with the Cultivars 5 and 6. Cultivar 
1 had high KGR and ANT and low HTD, NGM, 810, 
NGS, VGR, SGW, ami PLH. lt yielded rclativcly "-'CII 
in 1.990, 1.991, 1992, and 1994 and yielded poorly in J993 
and 1995. Cultivars S, 6, and 7 hehaved cxactly thc 
oppositc. Cultivar 2 had high KGR, ANT, MAT, TKW, 
and STW, while hcing low for NSM, Hl D, and NGM. 
It yicldcd rclativcly wcll in 1991, 1994, and 1995 nnd 
yielded poorly in 1990, 1992, and 1993. Performance of 
Cultivars 3 and 4 was the reverse of Cultivar 2 with 
respect to years. 

Explaining Gt.'llotypc X Environmcnt lntcrndion Using 
Parrial Lea.o;t S•tuurcs und Individual Factorial Rcgrcssioo 

with Environmcatnl Explanatory Variables 

The first PLS factor cxplained 40% of the cullivar x 
year interaction sum of squares, while the second PLS 
factor explaincd 2ó%. Table 3 shows thc Z-loadings 
(weights) of the cnvironmcntal cxplanatory variables 
sorted bv the first PLS factor. and the individual facto­
rial regréssion for cach of the environmental variables, 
raokcd by their contríbution to the analysís of \'anllncc 

GEl sum of squarcs. The maxímum numher of covari­
a blcs that can be uscd sim ultaneously in factorial rcgrc~­
siolis with ccntcred cnvironmental variables is H ~ J-

N 
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Factor 1 
Fig. J (C). Biplol or thc lirsl and second PtS raccors rt.'1Jre.o•cnfing 

tbe 7..-.scores or 6 yr ( IY90-199S) and lbe Y ·loadings ohe,·en durum 
wbellf culfivars (1- 7) cnrkht!d "ith lite z.tood.in~ or 16 environ· 
menlul c:ovaril)blcs rrom Dada Sct J. Scllling conslanl e .. 11.5. 
En,·ironmcnlal H1ri11hlcs are mT = ruc-.ln mínimum lcmperuturc. 
MT = mcun maximuntlcmpctlllurc, PR = tot:llmontbly prl!cipila­
tion, SH = sun hours pcr day; D = Decembcr, J = January. F = 
February, M = MaK"h. 

. • • • • • • • • • • • • • • • .: 
• • • • • • • • • • • • •• • • • • • • ~ 
• • • • • • • • • 
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1 (scc Eq. p]). As J = 6 yr in this data sct, 11 :5 5. 
Thc cnvironmcntal variables that cxplaincd most of thc 
cultivar X ycar intcraction sum of squarcs werc SHM: 
SHF, MTM. MTO, and SHD (Tablc 3). SHM, SHF, 
and MTM had valucs for R' > 0.75 (Tablc 2). 

Thc PLS method dctcrmincd that cnvironmcntal co­
variablcs SHM, SHF, SHD, MTM, and MTD wcre asso­
ciatcd with Factor l, which cxplaincd a Jarge proportion 
of thc cultivar X ycar interaction (i.c., they had thc 
highcst absolute Joadings) (Tablc 3). The FR mcthod 
also considered thcsc covariables individually to he the 
fivc most important cn'<ironmcntal covmiables in cx­
plaining cultivar X ycar intcractíon. i\11 othcr en vi ron­
mental covariablcs wcrc ranked similarlv bv both mcth­
ods. Both procedurcs considered prccipitation to be Jcss 
importan! for explaining cultivar X year interaction . 

Thc PLS biplot dcpicted in Fig. le is similar to thc 

had high SHF and MTD and low mTJ and mTF. In 
contras! to 1990 and J 991, 1993 had high mTJ and mTF, 
and low MTD and SHF. The year 1992 had high prccipi­
tation in general (PRO, PRJ, PRF, PRM) and high mTJ, 
whilc 1992 had low MTF, SHJ, and MTJ. In contras\ 
to 1992, 1994 had high MTF, SHJ and MTJ, and low 
prccipitation, low mTJ and mTF. Precipitation during 
thc months of !he growing cyclc (PRO, PRJ, PRF, and 
PRM) formed a subsct of corrclatcd covariables Jocatcd 
in thc upper lcft quadrant of thc PLS biplot, whcrcas 
a subset of minimum tcmperaturcs during thc growing 
cyclc (mTD, mTJ, ami mTF) is Jncatcd in thc uppcr 
right quadrant (mTM is at thc ccntcr of the PLS hiplot) . 
Variables SHM ¡md MTM wcrc positively corrclatcd 
and formed a subset of environmcntal variables with 
high loadings for the first PLS factor. 

• AMM l biplot (Fig. J a) enrichcd with thc directions of 

• 
grcatcst changc for thc cnvironmcntal covariablcs with 
R' > 0.75. Unlikc the AMMI biplot, thc PLS biplot 

•• cparatcd thc low-yiclding year 1992 from the othcr two 

Cultivars 1 and 2 wcre favorcd hy SHJ, SHF, MTO, 
ami MTF. This 1cd to higher yiclds in 1990, 199·1, and 
1994. Lower mTD, mTJ, and mTF and greater PRF did 
not favor Cultivars l and 2, most notably in 1992 and 
1_993; howcver, thcse cnvironmcntaJ conditions during 
thc 1992 and 1993 growing cycles favored Cultivars 3, • • • • • • • • • 

low yielding years 1994 and 1995. Ycars 1990 and 1991 

Table 3. X-loadings and Z.-loadings of thc culfh'ar and cnvironmental l'ovariables, respcctivcly, of the first two I'LS factors (sortcd hy 
thc tirst PLS factor), and mean squarcs of all individual tltctorial regrcssions for Data Sct t. 

Cu,uriablc 

NGS 
SGW 
NGM 
Hll> 
PLH 
KGR 
lJIO 
VGR 

Partial lea~t J.quarcJ. 

Fador 1t t'ador 2 

--- X-loading" ---
0.36 0.04 
fU S 0.14 
0.:\4 -0.14 
0.34 -0.14 
1Ll2 0.18 

-0.32 0.13 
0.30 0.01 
0.2., 0.11 

So urce 

Cultivar covariablc!<o:j: 

Year X Cultivar 
N<;s 
NGM 
SGW 
Hll> 
PLH 
KGH 
IHO 
VGI{ 

Factorial rcgrc!tsion 

d[ Mean M¡uarc (X 10') Proh > F 

30 4.1149 0.0001 
5 17.298 <0.0001 
5 16.349 <0.0001 
5 16.3.~9 <0.0001 
5 16.058 <().0001 
5 14.469 <0.0001 
5 14.290 <0.0001 
5 12.825 <O.f>OOJ 
5 8.574 O.flflOI 

11.0001 WTI 
• .\NT 

TKW 

0.22 
-0.20 
-0,18 

0.4-1 
(J.17 
0.41 

WTI 5 8.15(1 
TKW 5 7.291 0.0005 
AN'T 5 7.108 0.0006 

• M.\T 
GH 

-0.14 0_16 MAT 5 5.466 0.0042 
0.14 0.29 Gl<'l 5 3.972 0.0251 

• NSM 
STW 

-0.05 
-0.02 

-0.50 f\.'SM 
0.20 STW 

5 3..'67 0.0512 
5 1.563 0.37H5 

·•----------------­
Error 72 1.446 

Environmcutal CO\'ariablc!>1l • • • • • • • • • • • • • • • • 

SHM 
J\-ITM 
.SHF 
SBI> 
MTU 
m TI) 
PllM 
m TI' 
mTJ 
PRJ 
PHIJ 
Ml'J 
SHJ 
1\-HF 
mTM 
PRF 

--- 7..-loading.., ---
0.47 0.01 
0.44 -0.11 

-0.42 -0.08 
-0.31 0.04 
-0.30 -0.14 

0.23 0.05 
-0.22 o .. :w 

0.21 fl.l6 
0.19 f/.35 

-0.13 0.38 
-0.10 0.15 

0.10 -0.39 
-0.09 -0.39 
-0.02 -0.22 

0.111 -0.03 
0.01 0.42 

Yeur X CuHh·ar 
SHJ\1 
SHF 
MTM 
l\1'1'1) 
SHI> 
mTJ 
mTF 
mTIJ 
l'll;M 
SHJ 
PKI'' 
PRJ 
Ml'J 
MTF 
rnTM 
PIU) 
Error 

t Pl.S re!<>ulb cxtracted from Table!> 1 and 2 of Vargas et al. (1998). 

30 4,849 0.0001 
6 12.594 <0.0001 
6 12.112 <0.0001 
6 ll.S.W <0.0001 
6 7.745 0.0001 
6 7J)8(, 0.0003 
6 S.IUS O.OOHl 
6 5.786 fl.fii)J7 
6 5.4K4 0.0024 
6 4.582 0.01182 
6 3.850 0.0218 
6 3.748 0.0249 
6 3.446 0.0.,73 
6 3.156 0.0547 
6 2.(il6 0.1111 
ó 2.3li2 11.1512 

• 1.805 11.'2962 
72 1,446 

:t: NGS = uumber of gr.tin~ pcr !>pike, SGW ~ ~pikc grain weight, NGM = numbcr of gr.tin!> per ~quare mdcr, HIU = hanc!ot index. PLH = plant hcight, 
KGI~ = indilidual kernel ~rmdh ratc, UIO = abm·c~grollDd biuma~~. V(;R = l-·cgctath·e growth rafe, WTI = weight per tillcr, ANT = day~ tu anthc.1.b, 
aftcr cmcrgcnce, TKW = thotL<;aud kernel llcight, MAT = da)"~ lo maturity al"tcr cmcrgcnce., Gl"l = day.1. fur grain lilling, NSM = uumbcr of spikc~ 
per :.quare meler, STW = .'>iraw ~ield . 

11 SH = ..,un hours pcr da)·. MT = mean maximum tempcrature. m"l' = mean mínimum tcmpemturc, PR = total moothly prccipitation: 1) = Ucl·cmbcr, 
J = Januar)", F = t'cbruary, M = Manh • 
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Tahle 4. Analysis of variance tahlcs for step"ise multiple factorial rcgression modcls "'·ith environmental and cultivar covariables, for 
Data Sets 1 and 2. Terms in factorial regression model~ appcar in the order of indusion. 

Su m of !>quares Mean ~oquarcs 
Su urce d.r. (X JO') (X Jl}l) F t•rob > F 

Data !.et l 

MFRlt 
Culth:ar X SHI\1:¡: 6 7.557 12.595 8.71 <0.0001 
CuNi,·ar X mTD ,, 2.655 4.425 3.06 0.0100 
Cullintr X PRF 6 2.350 3.91fi 2.70 0.11198 
IJc,·iationJo 12 1.986 1.655 1.14 0.3428 

J\lFR2 

\'ear X l\:GS 5 8.649 17.298 JJ.% <0.0001 
\'ear X ~GM 5 1.782 3.564 2.46 0.0409 
IJCl'iationf. 20 4.115 2.057 1.42 0.1489 

MFIO 
NGS X SHM 1 6.484 64.840 44JW <0.0001 
f\'GS X mTIJ 1 1.947 19.470 13.46 OJJ004 
1'\GS X PRI' 1 0.74R 7.4RO 5.17 0.0259 
()e,·iations 27 5.3(,4 1.986 1.37 0.1464 

Data M.:1 2 

Trcat X m'l'l"11 2.' 78.53 34.143 14.16 0.0001 
'frcat X EVF 23 54.75 23.804 9.R7 0.0001 
'l'rcuí X m·I'J 2.> 40_<0 17.60K 7.30 0.0001 
Treat X ml'UM 23 21.62 12.008 4.91! 0.0001 
IJC\'ÍiiÍÍOO!o 115 78.12 6.793 2.81 0.0001 

t MFRI .., 1\'lultiplc F;.~ctorial Rcgre!.!.Íon modcl witb cmironmcntal covariahlc!t; MFR2 = Muhiplc Factorial Regre¡,!.Íon modelv<íth culth11r co,·ariable~ 
MFR3 = Mulíiple factorial regre~oii>Íon model M·ith ero!.!• product§ of cnlthar und environmental couriahles from MFRI and MFR2. 

:j: SHM = !.un boun. per daJ in Marclt; mTD = mínimum temperature in Deccmber; PRF = prccipitaHon in Fehrunry; l'liGS = number of grain_" per 
!>pike; NGM = number of grains pcr M{uare meter. 

11 mTF =mínimum tcmperature shcltcrcd in February; EVI-' = evaporation in February; mTJ =mínimum lcmpcntturc sheltcrcd in January; mTUM = 
mínimum tempcr-.o~ture umheltered in March. 

4, and 7. Cultivars 5 and 6 had high yields in year 1995, 
probably beca use of higher MTJ, MTM, and SHM. Ca­
variables SHM, MTM and SHF had high loading values 
for the first PLS factor, whcrcas covariablcs PRF, tv!TJ, 
SHJ, and PRJ had high loading valucs for the sccond 
PLS factor. Thcse seven covariables had the highest R' 
valucs (Table 2). 

Explaining Gcnotypc X Environmcnt Jntcrudion Using 
Multiple Factorial Rcgression with Culth·ar and 
Environmcntal Explanatory Variables SimultaneousJ}' 

Multiple factorial rcgression couplcd with a stcpwisc 
procedure for vatiable selection was used to scarch for 
informative sets of enviran mental and/or cultivar cova­
riahlcs. When thc sct of indcpendent variables from 
which a selection had to be madc consísted of al! envi­
ronmcntal covariahlcs, a modcl for thc intcraction was 
found that included thc tcrms cultivar X SHM, 
cultivar X mTD, and cultivar X PRF (Tablc 4). This 
model explaincd 86% of the GEl with IR df. This model, 
callcd multiplc factorial rcgrcssion 1 (MFR 1 ), appearcd 
he slightly bettcr than thc AMMl, (with two bilincar 
tenns) modcl, which explaincd 81% of thc GEl with 
the same 18 df (Table 1 ). 

Whcn the sct of candidatc variables consisted of al! 
cultivar variables, a model was found that includcd thc 
tcrms Ycar X NGS and Ycar X NGM (Table 4). This 
model, MFR2, explained 72% of the GEl with lO df 
and appeared to be superior lo AMMI1 (with only one 
bilinear term), which accountcd for 66% of thc GEl 
with lO df (Table 1). Thus, AMMl models with one or 
two bilinear terms were possibly lcss effectivc than the 
MFRI and MFR2 models. It should be pointcd outthat 

although MFRl and MFR2 represen! thc bcst sets of 
cnvironmental and cultivar covariables that were found 
by stepwisc rcgrcssion, a numher of other scts were 
cqually good. 

Relating significan\ cultivar and environmental cova­
riablcs obtaincd in the stepwisc multiple factorial re­
gression (Tablc 4) to the clusters of environmental and 
cultivar covariables previously describcd in thc PLS 
biplots (Fig. 1 h and le) can be infonnativc. For cxamplc, 
in Fig. le, environmental covariables, SHM and MTM, 
fonncd a cluster, and the stcpwisc procedurc sclected 
SHM as thc more important Covariables, mTD, mTJ, 
miT, and mTM, formed anothcr cluster, and the step­
wise procedurc sclected mTD as a representativc candi­
datc for dcscribing GEL Al! prccipitation covariablcs 
formed anothcr cluster, and stcpwisc rcgrcssion found 
PRF to be the bcst candidatc among thcm, Although 
m TD and PRF wcre not among the best covariables for 
cxplaining GEl when performing individual FR, they 
were importan! when considcred togcthcr with othcr 
cnvironmcntal covariablcs. Thc stcpwise variable selec­
tion procedurc with factorial rcgression sclccted, in or­
der, SHM, mTD, and finally PRF. In thc PLS biplot 
(Fig. lb), roughly four clusters of cultivar covariables 
may be distinguishcd, onc for cach quadrant. Thc step­
wisc proccdurc sclccted, as significant contrihutors to 
cxplaining GEl, first NGS and then NGM. 

After having found 'bes!' m u! tiple factorial regression 
(MFR) modcls forcultivar and cnvironmental variables, 
wc investigatcd whether furthcr parsimony could be 
achieved hy fitting a multiplc FR model that included 
compound covariables consisting ofthc products of cul­
tivar and environmental covariables (i.e., wc fit a multi-

• 
• • • • • • • • • • • • • • • .: 
• • • • • • • • • • • • •• • • • • • 
~ 

• • • • • • • • • • 
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pie FR model in which only the term XvZ' from E<j. 
[91 is maintained). A multiple FR model (MFR3) includ­
ing thc cross products of the cultivar covariablc NGS 
with thc environmcntal covaríablcs SHM, mTD, and 
PRF gavc a vcry good fít and, on thc basis of the differ­
cnces in sums of squarcs and df, was not signíficantly 
diffcrent from MFR1. This gave a vcry efficient descrip­
tion explaining 63% of the interaction with only 3 df . 
It is worthwhilc to takc a look at the interpretation of 
these cross products. The most importan! term, NGS 
X SHM, explained 45% of the total cultivar X year 
interaction with 1 df. The sign of thc estimated coeffi­
cicnt for this tcrm was positíve. Thus, cultivars with 
abovc average NGS (covariablcs wcre all ccntcrcd, so 
that positivc valucs aftcr centering mean above average 
values, and ncgativc val u es mean bclow average values) 
did rclativcly well in ycars with ahove average SHM 

• 1(+ NGS in X) X(+ coefficient in v) X(+ SHM in 
Z') = +], as did cultivars with below average NGS in 

• • cars with bclow average SI-l M 1 (- NGS in X) X ( + 
• ·oefficicnt in v ) X (- SI-IM in Z') = + ). l-ligh NGS 

in ycars with low SI-l M and low NGS in ycars with high 
SI-IM are associated with rclativcly poor performance 
[( + NGS in X) X ( + cocfficicnt in v ) X (- SHM 
in Z') = -[. 

• • • • • • • • • • • • 

Thc interactions duc lo NGS X mTO ( positivc cocffi­
cient) and NGS X PRF (ncgativc coefficient) can be 
interprcted in the same way, although it should be noted 
that these terms wcre far less importan! than the NGS 
X SI-IM term. 

Data Set 2 

AMMI Analysis, Biplot and Correlations 

Thc main cffect of treatmcnts (cultural practiccs) ex­
plaincd 50% of thc total su m of squares, whereas differ­
cnccs among year mcans contributcd 24°/o and thc inter­
action term, 18% (Table 1). Thc FR and FcH1 tests 
(Cornelius el al., 1993,1996; Cornclius, 1993) indicated 
that thc first 5 multiplicativc tcrms werc significan! (P < 

.aJ.05) (thc first síx multiplicative tcrms were significan! 

•~y thc F1 test). The first bilincar interaction tenn of the 
AMMl modcl aceounted for 54% of the GEl sum of 

• • • • • • • • • • • • • • • 

squarcs, thc sccond .14%, and thc third 13%, using 31, 
29, and 27 df, respectivcly. Thc first two bilincar terms 
used 60 df of the total of207 available in thc interaction. 

Ycar main cffeet was not highly correlated with any 
cnvironmental variable, cxccpt maximum tcmpcraturc 
sheltcred in Occembcr (MTO, r = 0.59) (Table 2). Total 
monthly cvaporation and mean prccipitation in Dccem­
ber (EVO and PRO, respcctivcly) showed rclatívcly 
high correlations with environmenta1 main effects (r = 
0.54 aml - 0.50, rcspectively), indicating the influcncc 
of thc prevailing clima tic conditions on grain yicld. In 
general, valucs of R2 obtaincd from thc rcgression of 
the standardizcd cnvironmcntal variahlcs on thc first 
two bilinear factor scorcs wcre rclativclv Jow. Onlv 
sevcn variables out of 27 had R' >0.50. ' -

Thc AMMI biplot (Fig. 2a) shows that the axis for 
thc first bilincar term separated thc four of thc highest 
yielding years (1994, 1988, 1997, and 1993) from thc 

four lowest yielding years (1995, 1992, 1989, and 1996), 
althougth '1991, the second highcst yiclding ycar, was 
locatcd with the lowest yiclding years; and J 990, thc 
eighth highcst yielding year, was groupcd with the high­
est yiclding years. Regarding cultural practices, the first 
axis separatcd thc nine highest yielding trcatmcnts (9 
[l-1-1-2], .19 [1-2-1-3], 21 [1-1-2-3], l7 [1-1-1-3], 11 
[I-2-1-2j, 12 [2-2-1-2], 10 [2-1-1-2], 23 [1-2-2-3], and 
18 12-1-1-31) (fivc treatments had 200 kg N ha-1 and 
four had lOO kg N ha-1) from thc ninc treatmcnts with 
thc lowest grain yicld (1 11-1-1-1 J, 2 [2-1-1-ll, 3 [1-2-
1-1], 4 12-2-1-1], 5 11-1-2-1], 6 12-1-2-l], 7 ll-2-2-IJ, 
8 12-2-2-1 l, and 16 12-2-2-2] ). All had O kg N ha-1

, 

exccpt Trcatment 16 which had 100 kg N ha-1• Thc 
remaining treatmcnts did not show any apparcnt pat­
tern. The highest yielding treatments were positively 
rclatcd lo the highcst yiclding ycars, whilc the lowest 
yiclding trcatmcnts werc associated with the lowcst 
yiclding ycars . 

The AMMl hiplot was enriched with the directions 
of grcatest changcs for thc seven cnvironmental covari­
ablcs with R' > 0.50. Thcse covariables wcre total 
monthly cvaporation in Occembcr, January, and April 
(EVO, EVJ, and EVA, respcctively), mean mínimum 
temperature sheltered and unshcltercd in March (mTM 
and mTUM, rcspcctivcly), mean maximum tcmpcraturc 
in February (MTF), and sun hours per day in January 
(SI-IJ) (Table 2). Years, 1988,1990,1991, and 1996, had 
abovc average valucs (i.c., wcrc positively associatcd 
with the covariables EVO, EVJ, EVA, SHJ, and MTF) 
ancl had hclow average valucs for mTM and mTUM . 
Years, 1989, 1992, 1994, and 1995, had abovc average 
valucs for covariables, mTM and mTUM, and bclow 
average valucs for the othcr environmcntal covariablcs 
(Fig. 2a). 

Explnining Genof)·pe X Emiromnent lnternction Using 
Partial Lcast Squarcs ond Jndhidunl Factorial Rcgrcssion 
n·ith Environmentnl Exphmatocy· Variables 

The cross valida !ion assessmcnt and Osten's ( ]988) 
f·Ctest for the number of significan! PLS factors indi­
eatcd that the first factor was significan! for prcdiction, 
cxplaining 1.9% of thc ycar X trcatment intcraction 
(data no! shown). The sccond factor cxplaincd 28% of 
thc interaction and was found not significant. Howcvcr, 
thc cross validation gave a PRESS (Prcdicted Residual 
Su m of Squares) that was lowcr than that obtained for 
the first factor indicating that thc sccond PLS factor 
improved thc prcdiction accuracy of the model. Thc 
first PLS factor had relatively high negatívc Z-loadings 
for cnvironmental variables EVO, EVJ, EVF, EVM, 
and MTO (Tablc 5) and rclativcly high positivc Z-load­
ings for mTUF, mTF, mTO, mTM, MTA and PRF. The 
sccond PLS factor had high ncgativc loadings for thc 
covariablcs IV!TF, mTF and MTA and positivc loadings 
for mTUJ and mTJ. 

The maximum numhcr of covariables that could ha ve 
hccn uscd simultaneously in thc FR analysis was 11 :::; 
1- 1 (scc eq. 17[), whcrc J = JO (ycars) so that 11,.; 
9. Although all individual factorial rcgressions for thc 
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H~. 2. (B) Biplot of thc rlfSI. and sccond J' lS r11~o1urs rcpr~~ol.ing lhc Z-scorc~ or thc 10 >' (191!8-JWn. and lhc \'-IOltding:¡ of thc 24 cultural 

pructice trnlmenl~ ( 1-24) enrimcd w·ith thc 7..-loodinr;¡ or 27 en,ironmcntal n uiablcs from Uabl Sel Z. F.nvironmcnlal nrillblcs are mT = 
meMo minimun tempcr.ilure sbt!ltered, m TU ~ mella min imum tempenttun: unshelter~. MT = mean maximun1 lentpcn~ture sheltcred. SH = 
~un houn. pr:r day, F:V = loCal monfhly e~apllrRi ion, PR = tolal monlhly prccipihtliun; )) = I>e,:cmher, J o J1111u11ry. F = Fcbruary, M = 
1\'J :m :h, A .. April. 
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centcrcd cnvironmcnta] covariables wcrc significan! 
(each with 23 df), thc most inlcresling wcrc thosc with 
thc largcst sum of squarcs. Thc FR modcl showed that 
environmcntal variables, mTF, mTUF, EVO, MTA, 
MTF, EVJ, mTUM, mTM, and EVF, wcrc importan! in 
explaining ycar X trcatmcnt interaction; thcsc variables 
also had thc highest R' valucs for the addition to lhc 
AMMI biplot (Tablc 2). Evaporation in April (EVA) 
had thc largos! R' valuc but ranked 14th in FR and 21th 
in PLS. Thc rank order of thc cnvironmenlal variables 
with rcspect to thcir contribution lo explaining the 
year X trcatmcnt interaction showcd good corrcspon­
dence hctwecn PL~ ami FR for 23 of thc covariables 
(Tablc 5) (thcy are rankcd at distanccs Iowcr than four 
placcs aparl). Thc most divcrgcnt ranking was for MTF, 
which ranked fifth by FR and 26th by PLS: howcver, 
MTF had thc highcst Z-loading for thc sccond PLS 

• factor ( -0.4452). Other variables that diffcrcd markedly 
in ranking were mTUM, EVA. and SHO. 

• • 

• The PLS biplot (Fig. 2h) showed lhat. for trcalmcnts, 
•• he rcsults wcrc similar to those obtaincd wilh thc 

AMMI biplot (Fig. 2a). Thc first two PLS factors clcarly 
separatcd cig,ht of thc ninc highest yiclding trcatments 
(9,19, 21, 17, 11,12, 23, and 18) from thc ninc lowest 
yielding trcatmcnts (1, 2, 3, 4, 5, 6, 7, 8, and 16) (Fig . 
2h ); howcvcr, thc separC~tion of years was notas distinct 
as it was in the AMM! biplot. Thc low-yiclding trcat­
mcnts, 1, 2, 3, 4, 5, 6, 7, 8, and 16, had positivc interaction 
in ycars with high mTF and mTUF and with high MTF 
and MTA. This positivc íntcraction was most noticcablc 
in 1995. Thc vcar J 995 can he further characterizcd as 
being low in .mTJ, mTUA, mTA, EVO, MTO, EVF, 
and EVJ. Ncgative intcractions occurrcd fnr the low­
yielding trcatmcnts in 198R, 1990, and 1997. Thcse ycars 

scorcd just thc oppositc on thc variables cnumcratcd 
for 1995. In contras!, the eight highesl-yiclding treat­
mcnts did rclativcly well in 19R8, J 990, and 1997 and 
rclatively poorly in 1995 . 

Explaining Genotype X Environment lnteraction Using 
Multiplc Factorial Rcgrcssion with Ent·ironmental 
Explanator)' Variable~ 

At least eight covariables wcre found lo be significan! 
by thc stepwisc sclcction proccdure. The FR modcl in­
cluding mTF, EVF, and mTJ had 69 df and cxplained 
62% of the GEl (Table 4), whcrcas the AMMl, (with 
two bilincar tcrms) accountcd for 68% of thc GEl with 
60 df (Tablc 1 ). Thc factmial rcgression model wilh 
mTF, EVF, mTJ, and mTUM had 92 df and cxplained 
72% the GEl, whereas AMM!, accounted for 81% of 
thc interaction using 87 df. For this data set, AMM! with 
two or lhrcc bilinear terrns was slighlly more cfficicnt in 
describing GEl !han FR with thrcc or four of thc most 
significant cnvironmental covariahJcs; howevcr, PLS 
analysis and stcpwisc FR are still useful for invcstigating 
thc influencc of different cnvironmental covariahlcs. 

The PLS biplot (Fig. 2b) contains roughly four clus­
ters of cnvironmcntal covariables (one for cach quad­
rant). For cxample, the first cluster is in thc lowcr Jcft 
quadrant of Fig. 2b and includcs corrclatcd variables 
mTF, mTUF. MTA, and MTF (in dccrcasing order ac­
cording lo thc sum of squarcs in the individual FR). 
Thc sccond cluster is in thc Jowcr right quadrant and 
comprises corrclatcd variables EVO, EVJ, EVF, MTO, 
EVA, SHJ, EVM, SHO, MTJ, and MTM. Thc third 
cluster involvcs mTUA, mTUJ, mTJ, and mTA and 
lhc fomth cluster is composcd of mTUM, mTM, mTD, 

• • • • • • • • • • 
Tahlc 5. Z-loadings of cm·ironmcntal "'ariahlcs sortcd by thc lirst I,LS factor and mean squares of all individual factorial rcgrcsr-inns 

for Data Sct l . 
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• SHD 
PRJ 

• 
PRM 
mTUA 

• 
mTA 
EVA 

• 
MTJ 
mTUJ 
MTM 

• mTJ 
1\fi'F 

• SHF 

Portia! lcast squares 

Fador 1 Factor 2 

-- Z-loadings ---
-033 0.05 
-0.211 -0.07 

0.27 -0.28 
-0.27 -0.07 

0.2ft -0-'5 
0.24 -0.11 
0.24 0.01 
0.23 0.()4 

-0.23 0.01 
0.22 0,04 

-0.21 -0.15 
-0.20 -0.19 

0.20 -0.02 
0.19 0.02 
0.19 0.05 

-0.18 -0.10 
O.J(J 0.19 
0.14 0.10 

-0.12 0.19 
-0.11 0.10 
-0.10 -0.28 
-0Jl9 -0.19 

0.08 0.29 
-0.07 -0.07 

0.07 0.29 
0.0.\ -0.45 

-0.03 -0.01 

FadoriaJ regre!osion 

Sourcc df Mean squarc (X 10'' Pmb>F 

Year X Trcat 207 1..l50 0.0001 
mTF 23 3.414 <0.0001 
m TUl'' 23 3.122 <0.0001 
EVO 23 2.634 <0.0001 
!\-1TA 23 2.522 <0.0001 
1\-ri'F 2.1 2.182 <0.0001 
EVJ 23 1.813 <0.0001 
m TUM 23 1.729 <0.0001 
mTM 2., 1.685 <O.OOfll 
EVF 23 11)33 <0.0001 
m TI) 23 1.474 <0.0001 
PRIJ 23 1.382 <0.0001 
J\-fl'IJ 2J 1342 <0.0001 
PRF 23 1.293 <0.0001 
EVA 23 1.272 <OJ}()Ol 
SHJ 23 1.248 <0.0001 
.E\' M 23 1.235 <0.0001 
m'J"U.I\ 2.1 1,2.14 <1).0001 
mTtJI) 23 I.OIJI <0.0001 
m'I'UJ 23 1.054 <0.0001 
mTJ 23 1.049 <0.0001 
PRJ 2.1 1.034 <0.0001 
PRI\'1 23 1.031 <0.0001 
SHD 23 1.003 <0.001)] 
mTA 23 0.887 <0.01101 
MTJ 2J 0.770 <11.01)1)1 
SHF 2.1 ltl,to 0.1}1101 
MTM 23 0.456 0.0079 
Error 460 0.241 • • • 

t E\' = total monthly napor.1tion; m TU = mean mioimum tcmpcrature un~bcltcrcd: mT = mean minimum tempcraturc sbcltcred; MT =mean ma"'imurn 
tcmpcr.Jiurc ~hcliered; PR = total mouthl~· precipitatinn; SH = ~llH hours pcr da~·: IJ = Decembcr; J = Jruuutl)·; F = Fchruar)-; l\-1 = 1\-tarch: A = April . 
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PRO, PRF, mTUD, PRJ, PRM, and SHF. 1t is interest­
ing to note that the stcpwise FR selccted one covariahle 
from each cluster in the following order: mTF, EVF, 
mTJ, and mTUM, from the first to thc fourth clustcrs, 
rcspcctively. The ncxt four covariables selcctcd by thc 
stcpwise procedurc were from the first (MT A), fourth 
(PRF and PRJ), and third (mTUA) clustcrs, respcc­
tivclv. Thcsc rcsults indicate that PLS was effcctive in 
grou ... ping corrclatcd covariabks and that stepwisc FR 
was sensitivc cnough to detcct thcse groups of corre­
lated covariables and to select thc most represcntative 
from cach cluster. 

DISCUSSION 
Results of this study indicated that FR and PLS were 

cffcctive in dctccting the environmcntai and cultivar 
covariables that explained a sizeable proportion of the 
total GEl variability in two eomplex data sets. Thc 
AMMJ biplot enriched witb the covariables that showed 
high R' values was also useful for intcrpreting GEl of 
grain yicld; howcvcr, FR and PLS Jircctly incorporate 
the externa] variables into thcir modcls, whcrcas AMMl 
docs no t. For Data Sct 1, the threc procedures identificd 
similar cultivar and cnvironmcntal covariables that cx­
plaincd most of the GEl. For Data Set 2, rcsults wcre 
not as clcar as !hose for Data Sct 1, but there was a 
rclatively good corrcspondcnce hetwcen PLS and FR 
for 21 of 27 environmental covariables. 

In general, thc AMMI biplot and the PLS biplot of­
fered similar intcrpretations of the results for hoth data 
scts. The AMMl biplot was very similar to the PLS 
hiplot. lnterprctation of thesc biplots is useful for re­
scarchcrs becausc it helps to idcntify major environmcn­
tal ( or cultivar) variables that cause positive or ncgative 
intcractions hctwccn subsets of cultivars with subscts 
of environmcnts. One advantagc of the PLS approach 
is that a large number of environmental (or cultivar) 
covariables can he use d. Furthermorc, PLS is insensitive 
to multicollinearity; for example, for Data Set 2, mini­
mum and maximum tcmperaturcs (shcltcrcd and un­
sheltered), sun hours per day, and total monthly evapo­
ration are corrclated. In the AMMI-cnriched biplots, 
multicollinearity is nota problem hut whcn a largc num­
ber of genotypic or/and environmental covariables are 
included, none of thcm may have sufficicntly high R1 

to be drawn in thc AMMl biplot. In PLS, the cross 
validation asscssment and Osten 's (1988) F-test can be 
uscd to test for thc significancc of the number of com­
poncnts that must be retaincd. Although the X- or 
Z-loadings for cach covariablc for a given PLS factor 
are not statistical tests of significancc, they do providc a 
meas u re oftheir relative importance for explaining GEL 

The main advantage of the FR is that parameters are 
estimated and hypotheses are testcd in relation to the 
available externa] covariablcs. When environmental and 
cultivar covariablcs are considcrcd simultaneously, mul­
tiple FR with a stcpwise variable selection procedure 
provides a useful tool for selecting the most relevan! 
covariables, and their cross products, for cxplaining 
GEL For both data sets, selected covariables obtaincd 
from stepwise FR representcd each of the covariable 
clusters observed in the PLS hiplots. While the PLS 

analysis is done scparatcly on the sct of environmcntal 
variables and the sct of genotypic covariahles, FR and 
thc enrichcd AMMI-biplot pcrform a simultaneous 
analvsis on both scts of covariablcs. 

Whcn a largc numbcr of corrclatcd cnvironmental 
(and/or cultivar) covariables is available, an importan! 
qucstion that rescarchcrs face is how to select a sct 
of rclcvant environmcntal and cultivar covariables that 
effectivcly explain most of the GEJ variahility. On the 
basis of thc rcsults obtained in this study, a possihlc 
stratcgy for selecting thc most importan! covariables 
affccting GEl would be to use, first, the PLS analysis 
with the PLS biplot. lt would also be useful to enrich 
thc AMMI biplots with the relevan! cnvironmental and 
cultivar covariahles to compare and con film results oh­
tained by the PLS approach. Results conceming thc 
relevan! covariables affecting GEl obtaincd by PLS and 
AMM 1 can always be confirmed by computing factorial 
regressions. lt is thcrefore advisablc to include in the 
selected subset covariables that are only slightly corre­
lated. An option would be to select the covariables with 
the largest explaincd sum of squarcs in each of thc PLS 
clusters. After arriving at a satisfactory FR model, one 
could try to reduce further the model by studying just 
thc cross products of tbe selected cnvironmental and 
cultivar covariablcs. 

This study indicated that AMM 1, PLS, and FR are 
useful tools for interprcting GEl in thc context of multi­
environmcnt trials whcn a large number of externa] 
environmcntal and cultivar covariables are indudcd. 
Tbc PLS and FR analyses complemcnt cach other and 
offer an aid to rcscarchcrs not only for determining 
thc imponancc of individual environmcntal and cultivar 
covariables in explaining GEl, but also for finding sub­
seis of covariables that adequately describe GEl in 
tenns of understandable covariables. 
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Mínimum Sample Size and Optimal Positioning of Flanking Markers 
in Marker-Assisted Backcrossing for Transfer of a Target Gene 

Matthias Frisch, Martín Bohn, and A lbrccht E. Melchingcr* 

ABSTRACT 
• In recurrent bm:kcrnssing desigMd l'or iolrogf<'S.~ion of a largca 
• allcle Crnru a donnr intn the geneHc b01dq;round ola r<'t:urrcol parenl 

(RPI. molerular markers eao ac:cclerllle rero,·ety or tkc recurrcnl 
• ¡ntrenl ~ennnu.• (RPG). The objcdivcs orthi~ study wcrc Jo determine 

• 
in snMkn-assístcd backcros~in¡; (MAB) (i) thc oplimum distaoccs 

1 (d,. dl) bctwccn thc nankiog ma!\crs and lhc largel locus and (ii) 
• thc mínimum numbc!r or íodh·íduals (n) rcquircd ror obh&iolng wilh 

1 a {'Crtain probllbility a liven number ni lodividuals tbat amy thc 
• donnr allclc al lhc turgcl Jocus and ha•·c 11 mínimum proporcion of 

•

1 donflr gcnome nn lhe cl\trier chromosomc. Aoalylil'al solulions and 
t:llrulalcd rc~ults are gi\·cn for rclcntnl par.unetcr~ (d., d 1• n) rt.'tjuired 

' • tn obtain, with a spcariCd probability or suttl'!is. MI lea~t ooc de!iircd 
1 indi .. idual Thcy depcnd on tbe lcnglh or lhe canicr c:hrmnosomc,lhe ¡. cbromosontal posilion ollbe fargel locus, its distancc to thc Ranking 
¡ murkcr loci, and thc numb<'r of individuals cvalulllcd. Our 1ppro:ui1 
•• an incrcasc tbe cffit:icncy ofMAB by rcduc:in¡: lbc numbcr ul indh·id-
• ual~ and ruarkcr dato points requircd. 

• • • • • • • • • • • • • • • 

R·CURRE~T MCKCROSSJ:>:G ÍS a breeding mcthod com­
monly cmploycd to transfcr a llelcs at one or more 

loci from a donor lo a recurrcm parent (AIIard, 1960) . 
Examples includc thc transfcr of rcsistancc allclcs from 
a wild or unimprovcd form into elite hrccdíng m<llcrials 
and cultivan; or thc transfer of a targct allclc introduccd 
by genctic transformation into a linc that is easy to 
handlc in tissuc culture but othctwise of no agronomic 
va)uc (Ragot el a l. , 1995). Bc~idcs lransfcr of thc targct 
allelc(s), thc main goal is ro rccovcr thc .RPG as com­
plctely and as quickly as possiblc. 

Molecular markers are u~d in recurrent backcrossing 
(or two purposes: (i) as a diagnostic too! for tracing the 

lnstitulc nf Planl Brc«c.Hng, Se<!d Scicncc. and Population Genctic~ . 
IJniv. of Hohcnhcim. 70593 Stuttgan. Germany. Rcceivcd 31 March 
1998. *Corrcsponding au1hor (mclchinger@uni-hohcnhcim.de) . 

1'11hlishcd in Crop Sci. 39:967-975 ( IWQ) . 

prescncc of a target allctc, for which dircct selection is 
difficult or impossiblc (c.g., reccssivc allclcs cxpn.:sscd 
ata late stage in plant dcvclopment or quantitativc trait 
loci) and/or (ii) for idcntifying individuals "'ith a low 
proportion of the undcsirablc genomc from thc donor 
parcnt. Adopting thc tcrminology of Hospital and Char­
cosset (LlJ97), wc rcfcr lo the firsl approach as fore­
gmund selection (for rcvicw sec Mclchinger, 1990) and 
to thc sccond approach as background selecrion (for 
review scc Visscher ct al., 1996). As dcmonstrated hy 
Tankslcy ct al. ( 1989) with comrutcr simulations, use 
of molecula r markcrs for background sclection can ac­
cclcratc rccovcry of thc RPG by two or threc gcncr­
ations. 

Background selection has two goals: (i) reduction of 
the proportion of the donor genome on the carrier chro­
mosomc of thc targct allclc and (ii) rcduction of the 
donor gcnomc on thc non-carricr chromosomcs. Thc 
Jcngth of thc chromosomc scgmcnt from the donar that 
is linkcd to the target allclc (linkagc drag) is reduccd 
by selecting indi\~duals that carry thc target allelc and 
are homm~ygous for thc RP allelcs at tightly línkcd 
marker loci. In practica! implemcntations of MAB, two 
crucial gucstions are How should thc flankíng mark­
crs by positioncd? and How many individuals must be 
gencratcd and gcnotypcd with molecular markers to 
reduce thc undesirablc donor genomc bclow a ccrtain 
threshold? 

Hospital ct al. (1992) dctcnnincd optimum distanccs 
d; and d2 bctween thc targct Jocus and the flanking 
marker loci to recover a maximum amount of thc RPG 
on the carricr chromosome by applying cquation 

Abbrc,·iotiom!\; BC backcros.~; BCr. Hh backcross gcnenuion: cM, 
centimorgan: MAH. markcr-ahsístcd back<~rossi ng: NRP. non-recur­
ren! parcnt: QTL. quantitativc traitloci; RP. rccurrent parent: RPG. 
recurrent parcm genome: RFLP, restriclion frab'!ncnt length polr­
murphism. 
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LINEAR, BILINEAR, A;\'D LINEAR-BILINEAR MODELS FOR ANAL YZING 

GENOTYPE x ENVIRONMENT INTERACTION 

J. Crossal, F.A. van Eeuwijk2
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Introduction 

Least Squares, 
Environmental 

Singular Value 
and Genotypic 

Thc prescncc of genotype x cnvironment interaction 
(GxE) in agriculturc is cxpresscd cither as inconsistcnt 
responses of sorne gcnotypcs relative to othcrs duc to 
genotypic rank change or as changcs in the absolute 
diffcrcnces bctwcen genotypes without rank change . 
For thc description of thc mean response of gcnotypcs 
over cnvironmcnts and for studying and interpreting 
GxE in agricultura) cxperimcnt~. threc classcs of 
modcls are commonly u sed: ( 1) linear models; (2) 
bilincar modcls, and (3) lincar-bilincar models. Onc 
class oflinear modcls, namely factorial rcgrcssion (FR) 
modcls, and onc class of bilincar modcls, namcly 
partial least squarc (PLS) regress1on, allow 
incorporation of external cnvironmcntal and genotypic 
covariables dircctly into thc modcl. 

Early approaches for analyses of Gx E included thc 
convcntional fixed effccts two-way (FE2W) modcl 
with sum to zcro constmints running over indices. Thc 

empirical mean response, Y .. , of the ¡th genotypc 
lJ 

(i=l,2, ... /) in the /h cnvironment U=l,2, ... /) with n 

replications in cach ofthc JxJ ce lisis exprcsscd as 

y .. = ~+T. +O. +(ro) .. +E.. Eq. 1 
IJ 1 J IJ IJ 

whcrc !l is thc grand mean ovcr all gcnotypcs and 

environments, t. is thc additivc cffect of thc ¡th 
1 

genotype, 8 . is thc additivc cffcct of thc j'h 
J 

environment, (r 8) .. is the non-additivity interaction 
IJ 

(GxE) ofthe i1h genotypc in the fh cnvironmcnt and E .. 
IJ 

Js the average error assumcd to be 

(O, o 2!n) (whcre o 2 is the within-environment 

NID 

error 

variance, assumed to be constant). Yates and Cochran 
(1938) introduced thc modcl in which thc GxE term is 
linearly related to thc cnvironmental main effcct. 

The purposc of this paper is to present parsimonious 
approachcs other than the FE2W modcl to the analysis 
of GxE. Examples illustrating the use of various 
statistical models for analyzing GxE in the contcxt of 
plant breeding, genetics, and agronomy are givcn. 

Linear-bilinear models 
Williams (1952) was the first author to link thc 

FE2W modcl with principal components (PC) analysis 
by considering the model 

y .. = ~ + r. + M1. y . +E.. whcre A, is the largest 
IJ 1 1 J IJ 

singular valuc ofZZ'and Z'Z (for Z= y .. -y. ) and 
lJ l. 

a.. and 'Y . are the corrcsponding eigenvcctors. 
l J 

Gollob (1968) and Mande! (1969, 1971) extended 
Williams' ( 1952) work by considering thc bilinear GxE 

tcrm as(ro) .. =l:k1 _ 1J.. u. y .. Thus, the general 
IJ - k lk jk 

formulation ofthe lincar-bilincar modcl is 

y .. = ~ +r. + ¡¡. + Lk - 1 l.. k u.k y 'k +e.. Eq. 2 
IJ 1 J - 1 J IJ 

whcre the constan! \ is the singular value of thc k'h 

multiplicativc componcnt that is ordercd 

'-
1 

;, '-
2 

;, ... ;, J..
1

; the aik are clements ofthc k'"lcft 

singular vector ofthc true intcraction and rcprescnts 
thc genotypic scnsitivity to hypothetical cnvironmcntal 
factors reprcsentcd by the k1

h right singular vector with 

elements y .k . The a. and y .k satisfy thc ortho-
J lk J 

normalization constmints Li aik uik' = L jY jk Y jk' =O 

for k"'k' and Li u~k = L jY ~k = l. Whcn Eq. 2 is 

saturated thc numbcr ofbilincar tcrms is t=mln(/-1..,/-
1 ). Gabriel ( 1978) dcscribed thc least squares fit of Eq. 
2 and cxplaincd how thc residual matrix of thc Gx E 

term, Z= y .. -y. -y . +y , is subjcctcd to a singular 
IJ l. .J .. 

value dccomposition (SVD) aftcr adjusting for thc 

1 



additive (linear) terms. Oauch (1988) called the Eq. 2 
Additivc Main Effects and Multiplicative Intcraction 
(AMMJ) model. 

Othcr classcs oflincar-bilinear models, described by 
Comelius et al. ( 1996), are Oenotypes Regrcssion 

Model (OREO) y .. = fl. + !l-I '- a. y. +E .. , 
IJ 1 - k ik jk IJ 

the Sitcs (environments) Rcgrcssion Model (SREO) 

y = f1 + :Et :!. a y +e the Completely 
ij j k = 1 k ik jk ij' 

Multiplicative Model (COMM) 

y .. = Lk -I ), a.ky.k +e .. , and thc Shifted 
lj -klj lj 

Multiplicative Model (SHMM) 

y. =ll+:Et_ 1 1. a. Y. +e ... 
IJ - k ik jk IJ 

Thc SHMM model was the frrst lincar-bilincar modcl 
uscd for identifying subscts of genotypcs or 
cnvironments in which gcnotypic rank changcs would 
be negligiblc (Comelius et al., 1992, 1993; Crossa et 
al., 1993, 1995, 1996; Crossa and Comelius, 1993). 
The SREG modcl is useful in plan! breeding because 
the bilincar terms contain both thc main effects of 
genotypcs and OxE. (Crossa and Comelius, 1997). 

In matrix notation, thcsc linear-bilincar models can 

be expressed as Y=:Ek=l ~k Xk + AAG'+E (Comelius 

and Seyedsadr, 1997) where Y=[ Yij], Xk=[ xkijl' 

E=[i< .. ], A=diag('-k' k=I,2, ... ,t), '- ~-- ~---~'-, 
IJ 1 2 ! 

A=(u
1
, ... ,a

1
), G=(y

1
, ... ,y

1
), and A'A=G'G=J,. 

Thexkijare known constants and ~k' :!.k, aik' and 

y jk are paramctcrs to be estímated. 

Linear models 
The OxE is modelcd directly using regression on 

environmental (aml/or genotypic) variables. A uscful 
linear model for incorporating cxtt..mal environmental 
(or gcnotypic) variables is the factorial regression (FR) 
model (Dcnis, 1988; van Eeuwijk ct al., 1996). The FR 
models are ordinary linear modcls that approximatc thc 
GxE cffects of Eq. 1 by !he products of onc or more of 
(1) genotypic covariables ( observed) x environmental 
potentialities ( cstimated), (2) genotypic scnsitivitics 
(estimated) x cnvironmental covariables (observcd). 
For k=1, ... ,G genotypic covariables (centered) 

reprcscnted by \t , ... ,xiG, Eq. beco mes 

- - - ~o " - G<' 1 h · y .. -fi+r. +O. +.<.
8

_ 1x. ~- +s .. , ""'- ,w ere 
IJ 1 J - 1g jg IJ 

E... represcnts an environmental factor (regrcssíon 
. jg 

cocfficient) with respcct to thc genotypic covariable, 

x. . Constraints on the parameters are 
lg 

:Er· =:Eii· =:Es· =0. In matrix notation the 
i 1 j J j jg 

expcctation is 
E(Y)=f!lll',+,l'¡+ 11o'+XS' Eq. 3 

where Y=[ y .. ] is a /xJ matrix; 11 and l¡ are /x1 and 
lj 

Jx 1 vectors with all elcmcnts equal to onc, 
respective! y; r=[r1] is the /x1 vector of main effccts of 
gcnotypes; O=[ii;] is the Jx 1 vector of main effccts of 

cnvironments; X =[ x. ] is thc /xG matrix of known 
lg 

gcnotypic covariablcs; S=[ 1;. j is thc JxG matrix of 
jg 

unknown environmental factors (regression 
cocfficients ). 
For h=l, ... , H cnvironmental covariablcs (centcred) 

represented by z. , ... , z . , Eq. l ts 
J1 JH 

y .. =fl+r. +8. +:Er _1,.hz.h +E.., 1!0-1, where 
IJ 1 J 1- 1 J IJ 

c.h represcnts an genotypic sensitivity (regression 
'1 

cocfficíent) with rcspcct to thc to the environmental 

covariable, z jh . Constraints on the parameters 

are~r- = :Eii· = :Ec-h =O. In matrix notation, the t 1 j J i -1 

expectation is 
E(Y)=J.tl11', + d', + 11o' + l,Z' Eq.4 

where Z =i z jh] is the Jxli matrix of known 

cnvironmcntal covariables; r:, =[ c.h] is thc !xlf matrix 
"1 

of unknown differential genotypic sensitivities. 
Thc FR mode1 including genotypic and 

environmental covariables simultaneously 

. - - ~ ~o " 1sy .. -f!+r. +o.+..:..g-lx. s. + 
IJ 1 J - 1g jg 

:E~= 1 <;ih z jh +:E~= 1 :E~= 1 \g V gh z jh + EIJ 

whcrc V kh is a constan! that scalcs !he cross-product 

of !he genotypic covariables, X k , with !he 

environmental covariables, z h , and can be derivcd 

from the two previous FR models by imposing the 

restriction ~- =V hz.hor ~·h =x.hv h;each jg g J 1 1 g 
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cross product rcprcscnts onc degree of freedom in thc 
GxE subspacc. In matrix notation the expectation is 
E(Y)~~I 1 1' 1 + tl'1 + l;li' + XvZ+ XE'~Z' whcrc the 
constraint xs·~¡;z·~o (whcrc O is a matrix HxG of 
zeros) is required. Thc model should be fitted for all 
possiblc combinations of gcnotypic covariables with 
environmental covariables. 

When environmcntal (or gcnotypic) covaríablcs 
show high collinearity, interpretation of the least 
squares rcgrcssion cocfficients is complicated becausc 
they are estimated vcry impreciscly. Consequently, a 
stepwisc proccdurc for choice of thc covariablcs to 
include could be uscful for model construction. Noise 
on thc response variable also complicates the 
interpretation of thc FR parameters. Furthcrmore, leas! 
squares estímation of thc parameters in the FR models 
are not uniquc whcn the number of covariables is larger 
than the numbcr of observations, so an altcmativc 
estimation method is nccdcd. Partial Least Squares 
(PLS) regrcssion ovcrcomes sorne of these problems 
and it can be uscd asan altemative estimation method . 

Bilinear models 
Multivariatc Partial Lcast Squares (PLS) regrcssion 

models (Aastvcit and Martens, 1986; Hdland, 1988) 
are a special class of bilincar modcls. When gcnotypic 
responses over cnvironments (Y) are modeled using 
cnvironmcntal covariablcs, then the JxH matrix Z of H 
(h=l,2, .. . ,[!) cnvironmental covariables can be writtcn 
in a bilincar fonn as 
~¡p' ¡+l2P'2+ ... +tMp'M+EM=TP'+E Eq. 5 

whcrc thc matrix T contains the t 1 Jx 1 vcctors callcd 
latent environmcntal covariables or Z-scores (indexcd 
by environments) and thc matrix P has thc p 1 ••• p" 
Hx 1 vcctors callcd Z-loadings (indexed by 
environmcntal variables) and E has the residuals. 
Similarly, the response variable matrix Y in bilinear 
form is 
Y~t,q' ,+t2q'2+ ... +tMq'M+FM~TQ'+F Eq. 6 
whcre the matrix T is as in Eq. 5 and the matrix Q 
contains the q 1 .•• q1 /xl vcctors called Y-loadings 
(indexcd by genotypes) and F has the residuals. Thc 
rclationship betwcen Y and Z is transmitted through 
the latent variable T. The PLS algorithm performs 
separate (but simultaneous) principal component 
analysis of Z and of Y that allows rcduction of the 
number of variables in cach system to a smalh..'T 
number of hopefully more interpretable laten! 
variables. 

Helland (1988) showcd that a reduced number of 
PLS laten! variables gives a low rank representation of 
the least squares cstimates of the FR with 
environmcntal covariablcs because the expectation of 
Y' is 
E(Y')=i]T' =i](ZW)' =(QW')Z'=(,Z'= 

Eq. 7 

as in Eq. 4 where T, Q, and Z are defincd as befare and 
the vector W is Hx 1 and contains thc Z-loadings (or 
wcights) of the environmental covariables; l; contains 
thc PLS approximation to the regression coefficients of 
the responses in Y to the environmental covariablcs in 
Z. The matrices T (with .J coordinates for 
environments), Q (with 1 coordinates for genotypes) 
and W (with H coordinates for environmental 
eovariablcs) can be represented in the PLS biplot such 
h . . h .,, . ( ) f T h .,, t at projcctmg t e J envtronment row o on t e 1 

gcnotype (row) of Q [Y'~(TQ'l'l approximates thc 
GxE; projccting the h'" environmental covariable (row) 
of W on the i'" gcnotype (row) of Q (QW'~~) 
approximates thc regression cocfficient of the i1h 

gcnotype on thc h1
h environmental covariable (Vargas 

et al.,l999; van Eeuwijk et al., 2000). When genotypic 
covariables are used to model cnvlronmental responses 
over gcnotypes, thcn thc latent genotypic covariablcs 
are T=X\V whcrc vector W is Gx 1 and contains thc 
weight' of the genotypic covariables. The expcctation 
ofY is 
E(Y)~TQ'~XWQ'~ XS'~ 

:EG x é 
g ~ 1 ig •jg 

Eq.8 

as in Eq. 3 (van Eeuwijk et al., 2000; Vargas ct al., 
1999) whcre S contains the PLS approximation to thc 
rcgrcssion coefficients of the responses in Y to thc 
genotypic covariables in X. The matrices T (with 1 
coordinates for genotypes), Q (with .! coordinates for 
cnvironments) and W (with G coordinatcs for 
genotypic covariables) can be represented in a PLS 
biplot such that projection of the i'" genotype (row) of 
T onto the j"' environment (row) of Q (Y~TQ') 
approximatcs thc GxE; projcction thc g 1

h genotypic 
covariablc (row) of W onto thc j'" cnvironment (row) 
of Q (WQ'~S) approximatcs thc rcgression coefficicnt 

f h ·lh . h lh . . bl o t e J cnv1ronmcnt on t e g gcnotyp1c covana c. 

QTL and QTLx environment interaction analysis in 
genetics and plant breeding 

In plan! breeding much research is dircctcd at 
locating the regions of the chromosomcs that are 
involvcd in the physiological proccsscs undcrlying 
phenotypical traits. These regions are callcd 
quantitative trait loci (QTL or QTLs). When thcsc 
regions diffcr bctwecn gcnotypcs in rclation to changes 
in thc cnvironmcnt, QTLxenvironment intcraction 
occurs (QTLxE). The statistical problem can be 
intcrpretcd as a multivariatc multiplc regression of 
phenotypic traits as observed over a set of 
cnvironments on a set of genetic prcdictors. FR 
providcs a suitable framework for QTLxE analysis. In 



Crossa ct al. ( 1999) examples are givcn of how FR and 
PLS can be used for assessing location and importancc 
of QTL and QTLx E. 
FR modcls of the form 

}i .. = ¡.¡+ó . + -rGg _ 1 x. ~ + s .. and 
IJ J - 1g g IJ 

y .. ""v. +o . + 'I:Gg _ 1 x. ~ . +& .. (van Eeuwijk, ct 
IJ J - 1g jg IJ 

al., 2000) are useful for studying QTL and QTLxE, 

respective! y where x. 's are genotypic covariables, or 
tg 

gcnctic prL'<iictors, at specific locations ofthc 
chromosmcs, whosc valucs are functions ofthe 
ncighboring genetic markL'fS and the position at thc 

chromosomc. Thc ~~~ 's represcnt thc QTL main 

cffccts, which are indexed by environmcnt, ~jg, 

rcprescnts the QTLxE. followi.ng Ha ley and Knott 
(1992), the simplest QTL mapping analysis considcrs 
the regression on the genetic predictors at markcr 
positions (individual marker regression) whcrc thc 
additivc cffccts of the observed lllllrl<er genotypes MM, 
Mm and mm are 1 ,0, and -1 , respectively and the 
dominance effects for M.M, Mm and mm are O, 1, and O, 
respectively. Somewhat more advanced, simple 
interval QTL mapping analysis considers the 
rcgrcssion on the genetic prcdictors not only at markcr 
positions but also at regular intcrvals between markers. 
The additíve effect and dominance effects can be 
computed. 

In composilc intcrval QTL mapping analysis a 
correctíon ís added for the effects of QTLs at other 
posítíons in the genome. Lct thc position under 
evaluation be p, then other markers, called cofactors, 
e, are includcd in the model to reduce noisc ~:reatcd by 
the effect of other QTLs, then the model 

isy .. =J.t+ IS .+ r X.~ +X· l;p +e ... Sclection 
IJ J C tg g lp IJ ge 

of the appropriate markers to be u sed as cofactors for 
correctíng thc cffcct of other QTL can be done by onc 
of a few PLS-axcs created by regressíng thc 
multivariatc response on all genetic predictors outsidc 
thc cvaluation window in composite interval mapping, 
and thcn pcrform thc mapping procedure wíth thc 
corrcctcd responses. Testing proccdures for the 
prcsencc ofQTL and QTLxE ata ccrtain position can 
be done by pcnnut.ation tests (van Ecuwijk, at al., 
2000). 

Sorne results of the applícatíon of the methodology 
dcscribed in van Eeuwijk et al. (2000) now follow. Thc 
grain yicld of F2 (211) tropical CIM'viYT maízc lincs 
líncs was cvaluated in eight cnvíronmcnts that wcrc 
contrastíng in drought and nitrogen stress. As FR is 
esscnlially a rcgressíon method, QTLs and QTLx E can 

be located by the application of standard F-statistics. 
Plot of F-profilcs over the farst chromosomc is in Fig. 
l. Based on randomízatíon studies thrcsholds should be 
apptied of about 54, 4.5 and 9, rcspcctivcly (a=O.OS). 
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Figure l. F-values for tlle different positions 
along the farst chromosome for additive genetic 
QTL rnain effects, additivc gcnctic QTLx E, 
and QTL main efTects+QTLxE. 

Treatment x environment interaction analysis in 
agronomy 

A parsimonious description of the Treatment x 
Environment (TxE) cxtstmg in 24 agronomic 
lreatments (1 -24) [tillage, summcr crop, manure, and 
nitrogen (N)] evaluated during lO consccutive years 
(1988-97) was conducted by Vllfgas ct al. (2001). 
Rcsults of the final MFR wcrc comparcd with thosc of 
a Partía} Least Squltres (PLS) to achieve extra insíght 
in both the TxE and the final multiple factorial 
regrcssion (MFR) model. 

The MFR was applied on thc six most important 
components of thc TxE tenn: YcarxTiJlage, 
YcarxSummer Crop, YcarxManurc. YearxN, 
YcarxSummer CropxN, and Ycarx Manurcx N. 
Results for thc MFR of thc 27 cnvíronmental 
covariables x tíllagc intcractíon showed that 
evaporation in Decembcr (EVO) x tillagc sum of 
squares accounted for 68% of the wholc year x tillagc 
íntcractíon. For year x summcr crop, cvapomtion in 
April (EVA) accounted for 36% of thc ycar x summer 
crup. For year x manure, covariabk>s precipita.tion in 
December (PRO) and sun hours in February (SHF) 
contributed with 56% of the year x manure sum of 
squares. Y ear x Nitrogen (N) íntcractíon dctcrmíned 
the major pan of year x treatment interaction sum of 
squares. 

Thc PLS biplot separatcd the nine highcst yíelding 
trcatmcnts (9,19,21,17, 11 ,12, 1 0,23, and 18) from thc 
nine lowest yielding treatments (1,2,3,4,5,6,7,8, and 
16) (Fíg. 3). The ninc lowest yíelding trcatmcnts had a 
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pos1t1VC interaction with ycar 1995 that had high 
mTUF, mTF, and MTA but a ncgativc intcractíon with 
year 1988 (oppositc quadrant). The PLS biplot contain~ 
roughly five clustcrs of correlated cnvironmental 
covariablcs. Thc ordcr of indusion of thcsc covariablcs 
in U1e MFR wíth thc stepwísc proccdure for each factor 
cffect com:spomls to selecting covariablcs for thc 
differcnt cluster groups depíctcd in Fig. 3 . 

PLS 1 

Figure 3. Biplot of thc first and second PLS factors 
rcprL"Scnling thc Z-scorcs of thc 1 O years ( 1 98&-97), 
and thc Y -loadings of thc 24 practice trcatmcnts ( 1-24) 
enrichcd with the Z-loadings of27 environmental 
variables: EV: total monthly cvaporation, PR: total 
monthly prccípitation, SH: sun hours pcr day, mT: 
mean mínimum tcmpcraturc shcltercd, MT: mean 
maximum temperaturc sheltcrcd, m TU: mean 
mínimum tempemturc unsheltcred; D: Dcccmber, 1: 
January, F: February, M: March, A: April; N: Nítrogcn 
( from Vargas et al., 2 00 l ) . 

Crossover interaction analysis in plant breeding 
Using lincar-bilinear SHMM model, Cornelíus ct al. 

{1992) dctincd sufficicnt condítions for tlle abscncc of 
significant genotypc crossovcr intcraction (COl) in a 
set of envíronmcnts and/or gcnotypcs: ( 1) SHMM wíth 
t=l (SHMM1) musl be an adcquate modcl for fitting 

the data and (2)y. are all of like sígn. Whcn SHMM 1 
JI 

prcdíctcd valucs y· .. = R + i 1&.1.Y •1 ' IJ 1' 1 'J ' are plottcd 

against thc primary cffects of cnvironmcnts, y j 1 , thc 

graph consists of a sct of rcgrcssion lincs, one for cach 

genotypc, all of which concur at the point (O, B ). for a 

non-COl SHJ.\1M1• thc y j 1 are all of likc sign (or zcm) 

and, thus, the point of intcrscction is a poinl eithcr at 

thc boundary (if onc y j 
1 

=0), or outsidc (left or right) 

of thc rcgion containing thc plottcd poínts. lf thc 

y j 1 ha ve diffcrcnt signs, then thc point of concurrencc 

ís within thc rcgion containing thc plotted points and a 
complete reversa) of f'dnk. ordcr of genotypes is 
displayed on the right, as comparcd to thc lcft, of the 
point of concurrence. For clustcríng cnvironmcnts, 
SREG1 can be used instcad of SHMM 1 and all the 
abovc propcrtics still hold th~.:n thc figure shows an 
ovcrlayed set of brokcn lines (onc for each gcnotype) 
that display no gcnotypc COl withín thc rcgion of 
plottcd points . 

When SHMM is fittcd lo thc cntirc sct of data, 
severa! componcnts are nccessary íf an adcquatc fit ís 
to be achicvL'I.I. The proccdure by a which subset of 
~.:nvironments without COl is fuund consists in using a 
clustcring stratcgy that wíll divide thc environments 
into subscts such that significant variation captured as 
secondary, tcrtiary, etc., cffects whcn SHMM is fitted 
to the entirc data sct, can be cxprcssed as primary 
effccts in scparatc analyscs of data from thc subsets. 
Thc measurc of distancc bctween two environmcnts is 
thc residual mean squarc aftcr fitti ng SHMM1 

IRMS(SHMM 1)] to thc data from thc two 
cnvironments subject to a non-COI consttaint . 

Data from a tria! with g=9 gcnotypes evaluated in 
e=20 environmcnts showed that SHMM1 will not 
adcquately fit the cntirc data and the fittcd SHMM1 
itsclf displaycd genotypc COL In Fíg. 4, thc consistan! 
response of the nine gcnotypes across a subsct of ten 
cnviromncnL-; is depictcd through thc overlaycd broken 
línc SREG 1 tltal does not cross ovcr. 

Sitc mean 
Figure 4. SREG1 model fittcd to ninc 
genotypcs anda subset oftcn cnvironments. 
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Santiago, November 21, 2004 . 

Dr. Masaru Iwanaga 
Director General 
CIMMYT 
Apdo Postal 6-641 
06600 Mexico DF 
Mexico 

Dear Dr. lwanaga, 
This is to acknowledge the recen! participation of Dr. José Crossa as 

an lnvited Professor to the University of Chile. Dr. Crossa spent a week with us in 
Santiago and offered a Course in Selected Tapies of Experimental Design and Data 
Analysis with Emphasis on Multivariate Analysis. Twenty five students including 
University Professors, Graduate Students, INIA Researchers and Research Staff of 
majar Seed Production Companies attended the course . 

This activity tumed to be of majar importance to upgrade our 
knowledge in these matters, particularly considering that Dr. Crossa is one of the world 
leading scientists in the subject. His course was rated excellent by all participants. The 
usefulness of the tapies treated for agriculture as well as for other research areas is . 
beyond expectations. A highly complex subject was taught in an elegant conceptual 
way, such that all participants understood the principies involved. At the same time, 
continuous, carefully chosen readings and exercises put the concepts to work. A final 
comprehensive take home exam, approved by all participants, was the final test for this 
successful project. The Course was submitted to the Graduate School of the Agronomy 
Faculty of our University for evaluation, such that it would provide credit to the 
graduate students who attended and approved it. 

Financia! support for Dr. Crossa's air travel and expenditures while in 
Chile, as well as for minar expenditures related to the course, was provided by the 
Chilean National Fund for Innovation in Agriculture (FIA) that belongs to the Chilean 
Ministry of Agriculture. The Course preparation was carried out by the Soil-Piant­
Water Relations Laboratory ofthe Faculty of Agronomy ofthe University ofChile. The 
computer hardware as well as other infrastructure was provided by the Faculty of 
Agronomy. Dr. Crossa brought with him the specially required computer software. 

Finally, 1 would like to express my gratitude to Dr. José Crossa for 
graciously sharing with us his valuable knowledge and experience as well as.my 
recognition to CIMMYT for maintaining state of the art research in this essential area 
for agricultura! development. 

Sincere! y yours, 

ce . 
Deámo Facultad de Agronomía 
Deputy Director of Research CIMMYT 
Director de Programa de Doctorado CSAV 




