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Genotype ´ environment interaction (G´E) 
refers to the modifi cation of genetic factors by envi-
ronmental factors and to the role of genetic factors in 

determining the performance of genotypes in diff erent envi-
ronments. A G´E can occur for quantitative traits of economic 
importance and is oft en studied in plant and animal breeding, 
genetic epidemiology, pharmacogenomics, and conservation 
biology research. Th e traits include reproductive fi tness, longev-
ity, height, weight, yield, and disease resistance.

Selection of superior genotypes in target environments is 
an important objective of plant breeding programs. A target 
environment is a production environment used by growers. 
To identify superior genotypes across multiple environments, 
plant breeders conduct trials across locations and years, espe-
cially during the fi nal stages of cultivar development. A G´E is 
said to exist when diff erences in genotype performance across 
environments result in a scale shift  or a rank shift . Performance 
of genotypes can vary greatly across environments because of 
the eff ect of the environment on trait expression. Th erefore, 
cultivars with high and stable performance are of value.

Because it is impossible to test genotypes in all target envi-
ronments, plant breeders do indirect selection using their own 
multiple-environment trials or test environments. Genotype ´
environment interaction reduces the predictability of the per-
formance of genotypes in target environments based on geno-
type performance in test environments. An important factor in 
plant breeding is the selection of suitable test locations because 
it accounts for G´E and maximizes gain from selection (Yan 
et al., 2011). An effi  cient test location is discriminating and is 
representative of the target environments for the cultivars to 
be released. Discriminating locations can detect diff erences 
among genotypes with only a few replications. Representative 
locations will make it likely that the genotypes selected will 
perform well in the target environments (Yan et al., 2011).

Analysis of variance (ANOVA) is useful in determining the 
existence, size, and signifi cance of G´E. To determine G´E 
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aBstract
Genotype ´ environment interaction (G´E) can lead to diff er-
ences in the performance of genotypes across environments. A 
G´E analysis can be used to analyze the stability of genotypes 
and the value of test locations. We developed a SAS program 
(SASG´E) that calculates univariate stability statistics, descrip-
tive statistics, pooled and yearly ANOVA, genotypic and loca-
tion variation, cluster analysis for location, and correlations 
among stability parameters. Univariate stability statistics cal-
culated are Wricke’s ecovalence (Wi

2), Shukla’s variance (si
2), 

Lin and Binns cultivar superiority measure (Pi), Francis and 
Kannenberg coeffi  cient of variation (CVi), Kang’s yield stability 
statistic (YSi), Perkins and Jinks b (bi), regression slope (bi), and 
deviation from regression (Sd

2). Other output includes input 
fi les for analyzing stability in R soft ware using AMMI and 
GGEBiplotGUI packages. SASG´E uses SAS programming 
language features (macro and structured query language [SQL]) 
for repetitive tasks, making it effi  cient and fl exible for the simul-
taneous analysis of multiple dependent variables. SASG´E is 
free and intended for use by scientists studying the performance 
of polygenic or quantitative traits in multiple environments. 
Th e SASG´E program is presented here and is also available at 
http://cuke.hort.ncsu.edu/cucurbit/wehner/soft ware.html.
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Abbreviations: ANOVA, analysis of variance; AMMI, additive 
main eff ects and multiplicative interaction; CL, cultigen or 
genotype; CLWT, cull fruit weight; CSV, comma-separated value; 
CV, coeffi  cient of variation; EN, environment (location–year 
combination); GGE, genotype main eff ects plus genotype ´
environment interaction model; G´E, genotype ´ environment 
interaction; LC, location; LSD, least signifi cant diff erence; MKWT, 
marketable fruit weight; MKMGHA, marketable megagrams per 
hectare; PC, principal component; RP, replication; SQL, structured 
query language; YR, year.

core ideas
•	 Genotype ´ environment interaction can lead to diff erences in 

genotype performance.
•	 G´E analysis can analyze genotype stability and the value of 

test locations.
•	 SASG´E uses SAS and R programming to compute uni- and 

multi-variate stability statistics.
•	 SASG´E output includes univariate stability statistics, ready to 

go input fi les, and R code for AMMI and GGE biplot analysis, 
ANOVA, descriptive statistics, cluster analysis of location, rank 
correlation among stability parameters, and Pearson correlation 
of location with average location performance.
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for a group of elite cultivars, genotypes are often considered to 
be fixed effects and environments random. However, for the 
purpose of estimating breeding values using best linear unbi-
ased prediction, genotypes are considered to be random and 
environments fixed. Some researchers prefer that genotypes be 
considered random regardless of the stage of selection, pro-
vided that the objective is to select the best ones (Smith et al., 
2005). If G´E is significant, additional stability statistics may 
be calculated.

Several statistical methods have been proposed for stability 
analysis. These methods are based on univariate and multivari-
ate models. We have focused on the analysis of stability mea-
sured using SAS and R programming, so a brief description of 
each stability measure is provided below.

The most widely used methods are univariate stability 
models based on regression and variance estimates. The origi-
nal concept of regression statistics as a stability measure was 
proposed by Yates and Cochran (1938) and later improved 
by Eberhart and Russell (1966). According to the regression 
model, stability is expressed as trait means (M), the slope of 
the regression line (bi), and the sum of squares deviation from 
the regression (Sd

2). A high mean of a genotype is a precon-
dition of stability. The slope (bi) of regression indicates the 
response of the genotype to the environmental index, which 
is derived from the average performance of all genotypes in 
each environment. If bi is not significantly different from 1, 
the genotype is adapted in all environments. A bi >1 describes 
genotypes with higher sensitivity to environmental change 
(below-average stability) and greater specificity of adaptabil-
ity to high-yielding environments. A bi <1 provides a measure 
of greater resistance to environmental change (above-average 
stability) and therefore increasing specificity of adaptability 
to low-yielding environments.

A regression coefficient similar to that of Eberhart and 
Russell (1966) was proposed by Perkins and Jinks (1968). The 
Perkins and Jinks b (bi) uses regression of G´E effects on 
environmental effects. Genotypes with bi values not signifi-
cantly different from 0.0 are judged to be stable, whereas those 
with significant bi values are unstable. According to Becker 
and Leon (1988), the two regression statistics are equiva-
lent (bi=bi – 1).

The variance parameters that measure stability statistics 
include ecovalence (Wi

2) proposed by Wricke (1962), stability 
variance (si

2) proposed by Shukla (1972), the coefficient of 
variation (CVi) suggested by Francis and Kannenberg (1978), 
the mean sum of squares (Pi) proposed by Lin and Binns 
(1988), and yield stability (YSi) proposed by Kang (1993).

The ecovalence stability index (Wi
2) of a genotype is its 

contribution to the G´E sum of squares across environ-
ments. Shukla (1972) proposed an unbiased estimate (si

2) of 
the variance of the G´E plus an error term associated with 
genotype. Shukla’s stability variance (si

2) is a linear combina-
tion of Wricke’s ecovalence (Wi

2). Shukla’s stability statistic 
measures the contribution of a genotype to the G´E and error 
term; therefore a genotype with low si

2 is regarded as stable. 
According to Kang et al. (1987), Wi

2 and si
2 are equivalent 

(rank correlation = 1.0) in ranking genotypes for stability.
The Kang (1993) stability statistic (YSi) is a nonparametric 

stability procedure in which both the mean (M) and Shukla 

(1972) stability variance (si
2) for a trait are used as selection cri-

teria. This method gives equal weight to M and si
2. According 

to this method, genotypes with YSi greater than the mean YSi 
are considered stable (Kang, 1993; Mekbib, 2003; Fan et al., 
2007). We computed YSi based on the procedure outlined by 
Mekbib (2003). The stability concept (Pi) of Lin and Binns 
(1988) is derived from the mean sums of squares for year nested 
in location. The ANOVA is computed for genotypes, including 
just two factors, i.e., location and year within location (FAO, 
2015). High stability is indicated by a low Pi value, i.e., low tem-
poral variation of genotype trait values. Similarly, according to 
Francis and Kannenberg (1978), a genotype with low coefficient 
of variation (CVi) is regarded as stable.

For multivariate stability models, the additive main effects 
and multiplicative interaction (AMMI) model and genotype 
main effects plus G´E (GGE) model with a graphical display 
has gained in popularity for analyzing multiple-environment 
trial data (Casanoves et al., 2005; Dehghani et al., 2006). 
Proponents of the AMMI and GGE biplot methods disagree 
on the best method for analyzing multi-environment trial data 
(Gauch, 2006; Yan et al., 2007), although the two methods 
provide similar results (Gauch, 2006).

Yan et al. (2000) referred to biplots based on singular value 
decomposition of environment-centered or within-environ-
ment standardized two-way (genotype ´ environment) data 
matrix as GGE biplots. A GGE biplot was constructed from 
the first two principal components (PC1 and PC2), which 
explained the maximum variability in the data, derived by 
singular value decomposition of a two-way (genotype ´ 
environment) data matrix (Yan et al., 2000). The GGE biplot 
graphically displays the two-way (genotype ´ environment) 
data matrix and allows visualization of the interrelationship 
among environments and genotypes and their interactions 
(Yan and Kang, 2003). In a GGE biplot, the genotype effect 
and G´E effect are the two sources of variation that are rel-
evant to genotype evaluation and mega-environment identifica-
tion (Gauch and Zobel, 1996; Yan and Kang, 2003).

The AMMI model combines the analysis of variance 
(ANOVA, an additive model) to characterize genotype and 
environment main effects with principal component analysis 
(a multiplicative model) to characterize interactions (interac-
tion principal components, IPCs) (Crossa et al., 1990; Gauch, 
1992). An AMMI biplot scatters genotypes according to their 
IPC scores. Therefore, it is easy to qualitatively assess the dif-
ferences in genotype stability and adaptability to the environ-
ments in a graphical representation. The closer the IPC is to 
zero, the more stable the genotypes are across the testing envi-
ronments (Carbonell et al., 2004).

A genotype F ratio for each test location and correlation of 
the test location with the average location are important mea-
sures of location value. The genotype F statistic is the ratio of 
genotype variance to error variance (assuming all genotypes 
have equal variance). When the means of all genotypes are 
equal, then the F ratio will be close to 1. If ANOVA is com-
puted by location, then a high genotype F ratio indicates high 
discriminating ability for that location. A high and significant 
value of the Pearson correlation of each location with the mean 
of all locations indicates a strong representation of the mean 
location performance.
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Our objective was to develop a SAS program (SASG´E) 
that gives an output for genotype stability and loca-
tion value. Hussein et al. (2000) provided a SAS program 
(SASG´ESTAB) that computes univariate stability statistics 
and correlations among them. However, the SAS program is 
not available at the listed server nor from the corresponding 
author. Others have found it unavailable as well (K. Lamkey, 
personal communication, 2015). Similarly, Piepho (1999) 
published a SAS mixed model procedure to compute univariate 
stability statistics.

Our program (SASG´E) is flexible, automates the compu-
tation of statistics on multiple traits simultaneously, and has 
flexible output. For example, SASG´E gives an output for 
univariate stability statistics including Wricke’s ecovalence 
(Wi

2), Shukla’s variance (si
2), Lin and Binns Pi, Francis and 

Kannenberg coefficient of variation (CVi), Kang’s statistic 
(YSi), Perkins and Jinks b (bi), regression slope (bi), and 
deviation from regression (Sd

2), along with their test of sig-
nificance (Table 1). SASG´E also provides output files and 
preprocessing of R code that are ready to use for analyzing 
stability in RStudio using R software (RStudio, 2014) and 
the agricolae [AMMI( )function] (de Mendiburu, 2015) 
and GGEBiplotGUI (Frutos et al., 2014) packages. Finally, 
SASG´E provides the user with pooled and yearly ANOVA, 
descriptive statistics (mean, coefficient of variation, and stan-
dard deviation), cluster analysis of location, rank correlation 
among stability parameters, and Pearson correlation of loca-
tion with average location performance. To understand the 
interrelationship of stability methods, the rank correlation is 
recommended over the Pearson correlation because the stabil-
ity parameters cannot be assumed to be normally distributed 
(Becker, 1981).

SASG´E uses SAS/Macro for repetitive tasks and SAS/SQL 
for complex joins of SAS software (Version 9.3 and higher) 
(SAS Institute). SASG´E is freely available, annotated, and 
intended for scientists studying the performance of polygenic 
or quantitative traits under different environmental conditions. 
Here we provide the general features of the SASG´E program 
along with the functionality each of its modules and a supple-
mental material file with the SASG´E program, example input 
data, graphical illustrations for uploading an input data file 
into SASG´E and installing R packages in RStudio, outputs 
from example input data, and interpretation of univariate and 
multivariate statistical analysis. The log output, input data file 
template, and a full set of outputs from example input data 
along with the SASG´E program features are also available at 
http://cuke.hort.ncsu.edu/cucurbit/wehner/software.html.

General Features of the SASG´E Program

SASG´E is a user friendly, annotated, flexible and efficient 
SAS program that allows users to analyze stability statistics 
for multiple dependent variables, simultaneously, of balanced 
multilocation trial data. SASG´E checks for missing records 
because it is not suitable for unbalanced data. For unbalanced 
data, model parameters can be estimated by restricted maxi-
mum likelihood for mixed models. Piepho (1999) provided 
a SAS program to compute different stability parameters 
independently using mixed model theory. Similarly, Dia et al. 
(2016a) provided an R program (RG´E) to compute stabil-
ity measures using mixed models. SASG´E generates output 
into the same folder from where it read the input dataset and 
is intended for SAS-PC (Version 9.3 or higher) under the 
Microsoft Windows operating system. A schematic represen-
tation of SASG´E is presented in Fig. 1. Interpretation of 

Table 1. Summary of the features of the SASG´E program.
Statistic Method Parameter Stability decision

Genotype stability
Regression Eberhart and Russell (1966) bi did not differ significantly from 1

Sd
2 did not differ significantly from 0

Perkins and Jinks (1968) bi
did not differ significantly from 0

Variances Wricke (1962) Wi choose low values
Shukla (1972) si

2 choose low values

Francis and Kannenberg (1978) CVi choose low values
Lin and Binns (1988) Pi choose low values
Kang (1993) YSi more than its mean

Multivariate GGE biplot see supplement file
AMMI see supplement file

Correlation Spearman rank correlation among regression and 
variance parameters

Location value
Variances F test high genotype F ratio indicates high discrimi-

nating ability of location
SD choose low values

Multivariate GGE biplot see supplement file
Correlation cluster analysis

Pearson correlation of location with average location 
performance

Descriptive statistics
mean, SD, and CV
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univariate stability statistics and output and interpretation 
of multivariate statistics of the example dataset are presented 
in the supplemental material and can also be obtained from 
http://cuke.hort.ncsu.edu/cucurbit/wehner/software.html. 
Additionally, the sample input data used here were part of 
studies published on watermelon [Citrullus lanatus (Thunb.) 
Matsum. & Nakai] genotype stability (Dia et al., 2016b) and 
location value (Dia et al., 2016c). Dia et al. (2016b, 2016c) used 
SASG´E to analyze their data, and the results presented in 
these studies serve as an example.

Options Statement

We ran SASG´E with an options set for the program to 
run efficiently and make it easy to debug. Options such as 
MPRINT, SYMBOLGEN, and MLOGIC are helpful for 
debugging. However, MLOGIC and SYMBOLGEN are 
turned off in the production macro to improve program effi-
ciency (SAS Institute, 2009). Similarly, the option LABEL 
was turned off so that auto-labeling can be prevented (e.g., in 
PROC MEANS) and, hence, the user will not be confused. 
Because SASG´E is not intended to print output in the SAS 
Output window, the options DATE and NUMBER are turned 
off. The option MPRINT is turned on so the user can view the 
text generated by macro execution in the SAS Log window. 
The statement DM LOG “CLEAR” is called in to clear the log 
from the previous session. The user has the option to uncom-
ment and turn on the ODS HTML TURN OFF statement to 

suppress the default html output from certain procedures like 
PROC GLM and PROC CORR.

Import Input Data

SASG´E starts with user-entered fields. The user is required 
to feed the input data file location, name, and sheet name at the 
%LET IPATH, %LET INAME, and %LET ISHEETNAME1 
statements, respectively. SASG´E requires an input data file 
in Microsoft Excel (.xlsx type only). Highlighted fields are user 
entered in the code shown below. The user input records are 
converted into macro variables using the %LET statement:

%LET IPATH=…; /*INPUT FILE PATH*/
%LET INAME=…; /*INPUT FILE NAME*/
%LET ISHEETNAME1=…; /*INPUT FILE SHEET 

NAME*/

The input data file name, type, and location can be retrieved by 
right-clicking on the input data file and selecting Properties. 
Once in the Properties window, the user can see input data file 
details under the General tab. These details include file name, 
file type, and file location (Supplemental Fig. S1A). Similarly, 
the input data sheet name can be found on the left side of the 
bottom bar on the Excel file (Supplemental Fig. S1B). The 
input file location can also be viewed by clicking on the file 
path or address bar of the folder where the input data are stored 
(Supplemental Fig. S1C).

In SAS, the input data file is required to have missing 
records represented by a dot (.) and not to have a blank first 
row. We have also provided an input data file template, 
which is available at http://cuke.hort.ncsu.edu/cucurbit/
wehner/software.html. The input data file template is com-
prised of column names, including YR (year), LC (location), 
RP (replication), CL (cultigen or genotype), and dependent 
variables 1 to n (Supplemental Fig. S1D). An example input 
dataset is presented here. Hereafter, genotype is used to indi-
cate cultigen, cultivar, or genotype. SASG´E is not sensitive 
to column position. However, SASG´E requires the user 
to not change the column names that are indicated in bold 
and uppercase. Dependent variables are indicated in lower-
case and not bold, and the user is allowed to store multiple 
dependent variables. SASG´E is capable of analyzing mul-
tiple dependent variables simultaneously. Because the SAS 
programing language requires dataset and variable names 
with fewer than 32 characters, storing of short names for 
dependent variables and the input data set (<20 character is 
desired) is recommended.

SASG´E imports input data using PROC IMPORT. The 
sample input data set (SASG´E_PROG_INPUT_DATA.XLSX) 
consists of 3 yr, 5 locations, 2 replications, 10 genotypes, and 
2 dependent variables (Fig. 2). The two dependent variables 
are marketable fruit weight (MKWT) and cull fruit weight 
(CLWT). Dependent variables are recorded at four different 
times for the same individuals within a plot (MKWT1–4 and 
CLWT1–4), and the unit is pounds per plot. A dataset or vari-
able is longitudinal if it records the same type of information 
on the same individuals during a time period. Missing values 
are represented by a dot (.).

Fig. 1. Schematic representation of overall process of SASG´E 
program and macro STABILITY.
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Preprocess Input Data

Compute Sum of Longitudinal Variables
After importing data, SASG´E computes the sum of the 

longitudinal data (SUM function), renames genotype names 
(IF–ELSE–THEN statement), and drops those depen-
dent variables for which stability statistics are not required 
(DROP statement). In the program below, dropped variables 
are highlighted and dependent variable values are converted 
from pounds per plot (lbs. plot–1) to megagrams per hectare 
(Mg ha–1). The two new dependent variables presented here are 
MKMGHA and CLMGHA (in bold below).

DATA TEMPA1 (RENAME=(CLT=CL));
	 SET TEMPA1;

	 MKWT=SUM(MKWT1,MKWT2,MKWT3,MKWT4); 
   /*sum across the dependent variables*/

	 CLWT=SUM(CLWT1,CLWT2,CLWT3,CLWT4);  
   /*sum across the dependent variables*/

	 MKMGHA=MKWT*0.40751; /*calculate yield Mg/ha 
   for 12 ft plot size*/

	 CLMGHA=CLWT*0.40751; /*factor 0.40751 converts 
   lbs/plot to Mg/ha*/

		      IF CL=01 THEN CLT=‘Mountain Hoosier’; 
	 ELSE IF CL=02 THEN CLT=‘Hopi Red Flesh	 ’;
	 ELSE IF CL=03 THEN CLT=‘Early Arizona	 ’;
	 ELSE IF CL=04 THEN CLT=‘Starbrite F1	 ’;
	 ELSE IF CL=05 THEN CLT=‘Stone Mountain	 ’;
	 ELSE IF CL=06 THEN CLT=‘Stars-N-Stripes F1	 ’;
	 ELSE IF CL=07 THEN CLT=‘AU-Jubilant	 ’;
	 ELSE IF CL=08 THEN CLT=‘Calhoun Gray	 ’;
	 ELSE IF CL=09 THEN CLT=‘Big Crimson	 ’;
	 ELSE IF CL=10 THEN CLT=‘Legacy F1	’;

	 DROP MKWT1 MKWT2 MKWT3 MKWT4 CLWT1 
   CLWT2 CLWT3 CLWT4 MKWT CLWT CL;

RUN;

Except for YR, LC, RP, and CL, SASG´E treats other col-
umns as dependent variables and computes stability statistics 
on each of them. Therefore, we suggest dropping dependent 
variables in this step if a stability statistic is not needed. This 

dataset step is optional. The user can skip this step if depen-
dent variables in the input data do not need to be recreated. 
The SASG´E code will not be affected because dataset file 
names are the same (TEMPA1) as the  file names in the previ-
ous step.

Compute Environment and Quality Check
A new additional variable environment (EN) is created 

and a quality check of missing values is performed in dataset 
TEMPA2. Environment is a location–year combination, which 
is in bold below. Dataset TEMPA2 serves as input variables for 
descriptive statistics, ANOVA, location statistics, and stability 
parameters (Fig. 1).

DATA TEMPA2; 
	 SET TEMPA1;
	 EN=TRIM(LC)||’-’||TRIM(LEFT(YR)); /* 

ENV=LOC*YEAR */
	 IF LC=’ ’ OR YR=. OR RP=. OR &DEPVAR = . THEN 

DELETE;
RUN;

Defining Macro

The macro UNivariate1 computes the regression 
slope (bi), standard error of the slope, deviation from regres-
sion (Sd

2), t-test and F-test on the regression slope (H0: bi 
= 1) and deviation from regression (H0: Sd

2 = 0), and level 
of significance using PROC GLM. The results of these 
statistics are captured in the UNIVARIATE1&DEPVAR.
SAS file, where &DEPVAR is a dependent variable name 
(Supplemental Fig. S2A). The .SAS file can be located in the 
current SAS session from the following path: SAS program 
window ® Explorer panel ® Explorer tab ® Libraries 
® Work library. The level of significance of the t-test and 
F-test at 0.05, 0.01, and 0.001 is represented by *, **, and 
***, respectively. The user can independently compute the 
regression slope, standard error of the slope, deviation from 
regression, and their level of significance from the macro 
UNivariate1 while feeding input fields (in bold) in the 
code below. The dataset name TEMPA2 in the code below 
is the input dataset, which is comprised of column names, 
including YR (year), LC (location), RP (replication), CL 
(cultigen or genotype), EN (environment = location–year 
combination), and dependent variables. A schematic dia-
gram of the macro UNivariate1 to show its process is 
presented in Fig. 3.

*%Macro UNIVARIATE1 (INDPVAR=ENV&DEPVAR); 
*Comment: Compute environmental index;
%LET DEPVAR=DEPENDENT_VARIABLE_NAME; 

/*user needs to enter dependent variable name*/

PROC SQL NOPRINT;
	 CREATE TABLE DSTERM AS SELECT EN, RP, YR, 

   LC, MEAN(&DEPVAR) AS ENV&DEPVAR 
	 FROM TEMPA2 GROUP BY EN, RP, YR, LC ORDER 

   BY EN, RP, YR, LC;
 	 CREATE TABLE DST02 AS SELECT A.*,  

   B.ENV&DEPVAR 
	 FROM TEMPA2 AS A

Fig. 2. Screenshot of input sample data template consisting of 
year (YR), location (LC), replication (RP), genotype (CL), and 
dependent variables marketable fruit weight (MKWT1–4) and 
cull fruit weight (CLWT1–4) columns and top 25 rows.
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	 LEFT JOIN DSTERM AS B ON (A.EN=B.EN AND 
   A.RP=B.RP)

	 ORDER BY CL;
QUIT;

%LET INDPVAR = ENV&DEPVAR; 
PROC GLM DATA = DST02 OUTSTAT=OUTMSEDS2 

   PLOTS=NONE;
	 BY CL;
	 CLASS CL LC RP EN;
	 MODEL &DEPVAR = &INDPVAR   EN RP 

   /SOLUTION SS1;
	 ODS OUTPUT OVERALLANOVA=ANOVADS2 

   PARAMETERESTIMATES=PARMGLMDS2;
RUN;

DATA OUTMSEDS3 (RENAME= 
   (_SOURCE_=SOURCE));

	 SET OUTMSEDS2 (WHERE=(_SOURCE_ NE “RP”) 
   KEEP=CL _NAME_ _SOURCE_  DF SS);

	 MS=SS/DF;
RUN;

PROC TRANSPOSE DATA=OUTMSEDS3 
   (RENAME=(_NAME_=DEPENDENT)) 
   OUT=MSDS; 

	 BY CL DEPENDENT;
	 ID SOURCE;
	 VAR MS;
RUN;

PROC TRANSPOSE DATA=OUTMSEDS3 
   (RENAME=(_NAME_=DEPENDENT)) 
   PREFIX=DF_OUT=FDS3(DROP=_NAME_); 

	 BY CL DEPENDENT;
	 ID SOURCE;
	 VAR DF;
RUN;

DATA REGCOEFDS;
	 SET PARMGLMDS2 (WHERE = 

   (PARAMETER=“&INDPVAR”) KEEP=CL 
   PARAMETER DEPENDENT ESTIMATE STDERR);

RUN;

PROC SORT DATA= MSDS; BY CL DEPENDENT; 
RUN;

PROC SORT DATA= REGCOEFDS; BY CL 
DEPENDENT; RUN;

DATA SLOPE (RENAME= (BI=SLOPE 
   DEVLMS=DEVREG));

	 MERGE MSDS (IN=A DROP=_NAME_ 
   RENAME=( ERROR=MSE  &INDPVAR=LREGMS 
   EN=DEVLMS)) 

	 REGCOEFDS (RENAME= (ESTIMATE=BI))
	 FDS3; 
	 BY CL DEPENDENT;
	   T_HO1=(BI-1)/STDERR; 

   /*null hypothesis: Slope=1*/
	   PT_HO1=2*(1-PROBT(ABS(T_HO1), 

     DF_ERROR)); 

	   IF  PT_HO1 LE 0.001 THEN SIG_SLOPE=“***”;
	   ELSE IF  PT_HO1 LE 0.01 THEN 

     SIG_SLOPE=“**”;
	   ELSE IF  PT_HO1 LE 0.05 THEN SIG_SLOPE=“*”;

	   F_DEVREG=DEVLMS/MSE; 
     /*null hypothesis: predicted–actual=0*/

	   PF_HO0=1-PROBF(F_DEVREG, DF_EN, 
     DF_ERROR);

	   IF  PF_HO0 LE 0.001 THEN SIG_DEVREG=“***”;
	   ELSE IF  PF_HO0 LE 0.01 THEN 

     SIG_DEVREG=“**”;
	   ELSE IF  PF_HO0 LE 0.05 THEN 

     SIG_DEVREG=“*”;
	 /*Concatenate level of significance with slope 

   and deviation*/
	 SLOPE1 = PUT(BI, z5.3);
	 SLOPE2 = SLOPE1||LEFT(TRIM(SIG_SLOPE));
	 DEVREG1 = PUT(DEVLMS, z12.3);
	 DEVREG2 = DEVREG1||LEFT(TRIM(SIG_ 

   DEVREG));
	 DROP SLOPE1 DEVREG1;
RUN;

*Post process the data;
*Output for slope and dev from reg;
PROC SQL NOPRINT;
	 /*Prepare dataset for correlation*/
	 CREATE TABLE STABLE1&DEPVAR
	 AS SELECT CL, DEPENDENT AS TRAIT, SLOPE, 

   DEVREG 
	 FROM SLOPE;
	 /*Prepare dataset for stability output*/
	 CREATE TABLE UNIVARIATE1&DEPVAR
	 AS SELECT CL, DEPENDENT AS TRAIT, SLOPE2 

   AS SLOPE, STDERR AS STDERR_SLOPE, T_HO1 
   AS TTEST_SLOPE, PT_HO1 AS PROB_SLOPE, 
   DEVREG2 AS DEVREG, F_DEVREG AS 
   FTEST_DEVREG, F_HO0 AS PROB_DEVREG

	 FROM SLOPE;
QUIT; 
*%MEND UNIVARIATE1;

Macro UNivariate2 computes Wricke’s ecovalence 
(Wi

2), Shukla’s stability variance (si
2), and Perkins and 

Jinks b (bi) using PROC IML and Lin and Binns Pi and 
Francis and Kannenberg coefficient of variation (CVi) using 
PROC glm. The results of these statistics are captured in 
the UNivariate2&DEPVAR.SAS file (SAS window ® 
Explorer panel ® Explorer tab ® Libraries ® Work library), 
where &DEPVAR is a dependent variable name (Supplemental 
Fig. S2B). As for the macro UNivariate1, the user can 
independently compute Wricke’s ecovalence (Wi

2), Shukla’s 
stability variance (si

2), Perkins and Jinks b (bi), Lin and Binns 
cultivar superiority measure (Pi), and Francis and Kannenberg 
coefficient of variation (CVi) from the macro UNivariate2. 
User-defined, required fields (data set TEMPA2 and the name 
of a dependent variable) for UNivariate2 are in bold in the 
code below. A schematic diagram of UNivariate2 to illus-
trate its process is presented in Fig. 4.
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*%MACRO UNIVARIATE2 (DEPVAR2=); 
%LET DEPVAR=DEPENDENT_VARIABLE_NAME; 

/*User needs to enter dependent variable name*/

PROC SQL NOPRINT;
	 ***Sum across ENV, Cultigen, Year, Location***;
	 CREATE TABLE DSTECS AS SELECT EN, CL, YR, 

   LC, SUM(&DEPVAR) AS SUM&DEPVAR 
	 FROM TEMPA2 GROUP BY EN, CL, YR, LC ORDER 

   BY EN;

	 ***List of distinct genotypes***;
	 CREATE TABLE TEMP_CL
	 AS SELECT DISTINCT (CL) AS DISTINCT_CL
	 FROM TEMPA2 ORDER BY CL;

	 ***Macro for total number of replications***;
	 SELECT COUNT (DISTINCT(RP))INTO: 

   TOTAL_RP TRIMMED
	 FROM TEMPA2;

	 ***Macro for total number of environments***;
	 SELECT COUNT (DISTINCT(EN))INTO: 

   TOTAL_EN TRIMMED
	 FROM TEMPA2;
QUIT;
%PUT &TOTAL_RP = &TOTAL_EN =;

DATA DST01; SET DSTECS;
	 BY EN;
	 IF FIRST.EN THEN ET+1;
RUN;
PROC SORT DATA=DST01; BY CL; RUN;

%LET DEPVAR2=SUM&DEPVAR;
DATA DST01B;

	 SET DST01;
	 BY CL;
	 ARRAY E(ET) E1-E&TOTAL_EN;
	 RETAIN E1-E&TOTAL_EN;
	 E=&DEPVAR2;
	 IF LAST.CL THEN DO;
	 OUTPUT;
	   DO OVER E;
	   E=.;
	   END;
	 END;
	 KEEP E1-E&TOTAL_EN CL;
RUN;

PROC IML;
	 *Reset AUTONAME;
	 *Start MAIN;
	   USE DST01B;
	   READ ALL  INTO X;
	   P=NROW(X); /*No of cultivars*/
	   Q=NCOL(X); /*No of environments*/
	   CMEAN=X[+,]/P; ** Column grand mean;
	   CULT=J(P,Q);
	   DO I={1} TO P;
	     CULT[I,]=CMEAN[{1},{1}:Q]; 

       ***Generate matrix of column means (P,Q);
	     END;
	   U=X- CULT; **Residuals from overall mean;
	   UM=U/Q; *** Get residual over number of 

     col (responses);
	   ENV=J(P,Q);
	   DO K={1} TO Q;
	     ENV[,K]=UM[,+];
	     END;
	   DIFF=U-ENV; /*Matrix of GXE residuals*/
	   SSDIFF=(DIFF#DIFF)[,+];
	   SUMSS=SUM(SSDIFF); /*Total SS resid*/

	   N={&TOTAL_RP}; /*No of reps*/
	   ECOV=SSDIFF/N; /*Wrickes ecovalence */
	   L=P*(P-{1});
	   E=(Q-{1})*(P-{1})*(P-{2});
	   LSSDIFF=(SSDIFF*L)/N;
	   F=J(P,{1},(SUMSS/N));
	   SIG=LSSDIFF-F;

	   SIGMA=SIG/E; /*Shuklas sigma*/
	   TOT=SUM(X);
	   GM=TOT/(P*Q);
	   Z=J({1},Q,GM);
	   ZJ=CMEAN-Z;
	   SUMSQZJ=SUM(ZJ#ZJ);
	   RAT=J(P,Q);
	   DO R={1} TO P;
	     RAT[R,]=ZJ[{1},{1}:Q];
	     END;
	   NEW=DIFF#RAT;

	   BETA=(NEW/SUMSQZJ)[,+]; /*Regression of GEN 
   on ENV means-using method of Perkins and Jinks*/

	   GP=J(P,Q);

Fig. 3. Simplified flow diagram of the macro UNIVARIATE1 
process.
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	   DO C={1} TO Q;
	     GP[,C]=BETA[{1}:P,{1}];
	     END;
	   BIZJ=RAT#GP;
	   NEWDIFF=(DIFF-BIZJ);
	   SI=(NEWDIFF#NEWDIFF)[,+];
	   TS=P/((P-{2})*(Q-{2}));
	   TOTSI=SUM(SI)/L;

	   SP=((SI-TOTSI)*TS)/N; /*Shukla S squared*/

	     CREATE IML_OUT VAR {BETA SIGMA 
       ECOV}; 

	     APPEND; CLOSE IML_OUT; 
QUIT;

DATA TEMP_CL1 (RENAME=(DISTINCT_CL=CL));
	 SET TEMP_CL;
	 ID=_N_;
	 TRAIT=“&DEPVAR”;
RUN;

DATA STAT2;
	 SET IML_OUT;
	 ID=_N_;
	 RENAME BETA=BETA_PERKINS_AND_JINKS 

   /*OUTPUT BETA_PERKINS AND JINKS*/
	   SIGMA=SHUKLA /*OUTPUT 

     SIGMA_SHUKLA*/
	   ECOV=ECOVALENCE; /*OUTPUT WRICKE’S 

     ECOVALENCE*/
RUN;

*Merge genotype name with stability parameters;
PROC SQL NOPRINT;
	 CREATE TABLE TEMP_STABLE2 
	 AS SELECT A.CL, A.TRAIT, BETA_PERKINS_ 

   AND_JINKS, SHUKLA, ECOVALENCE
	 FROM TEMP_CL1 AS A
	 INNER JOIN STAT2 AS B ON A.ID=B.ID; 
QUIT;

*Comment: Compute location*year variance (Pi) 
Lin and Binns (1988);

PROC SORT DATA = TEMPA2; BY CL; RUN;
*ODS TRACE ON/LISTING;
PROC GLM DATA = TEMPA2 PLOTS=NONE;
	 BY CL;
	 CLASS CL LC YR;
	 MODEL &DEPVAR =LC YR LC*YR;
	 RANDOM LC YR LC*YR/TEST;
	   ODS OUTPUT 
	     OVERALLANOVA=OUTLANDB1 
	     RANDOMMODELANOVA=OUTLANDB2;
RUN;
*ODS TRACE OFF;

DATA OUTLANDB3_&DEPVAR;
	 SET OUTLANDB2 (WHERE= 

(SOURCE=“LC*YR”));
	 MS1= PUT(MS, 10.5);
	   IF  PROBF LE 0.001 THEN 

     PI=TRIM(MS1)||TRIM(LEFT(“***”));
	   ELSE IF  PROBF LE 0.01 THEN 

     PI=TRIM(MS1)||TRIM(LEFT(“**”));
	   ELSE IF  PROBF LE 0.05 THEN 

     PI=TRIM(MS1)||TRIM(LEFT(“*”));
	   ELSE PI=MS1;
	   KEEP CL DEPENDENT MS PROBF PI;
RUN;

*Comment: Compute genotypes coefficient of variation 
Francis & Kannenberg (1978);

PROC SQL NOPRINT;
	 CREATE TABLE PLAISTEDCV_&DEPVAR AS 
	 SELECT  CL, CV(&DEPVAR) AS CVI
	 FROM TEMPA2
	 GROUP BY CL;
QUIT;

*Post process the data;
*Output for Shukla, ecovalence, beta, Pi and CV;
PROC SQL NOPRINT;
	 /*Prepare dataset for correlation*/
	 CREATE TABLE STABLE2&DEPVAR
	 AS SELECT A.CL, A.TRAIT, A.BETA_PERKINS_ 

   AND_JINKS, A.SHUKLA, A.ECOVALENCE, B.MS 
   AS PI, C.CVI

	 FROM TEMP_STABLE2 AS A
	 INNER JOIN OUTLANDB3_&DEPVAR AS B ON 

   A.CL=B.CL
	 INNER JOIN PLAISTEDCV_&DEPVAR AS C ON 

   B.CL=C.CL;
	 /*Prepare dataset for stability output*/
	 CREATE TABLE UNIVARIATE2&DEPVAR
	 AS SELECT A.CL, A.TRAIT, A.BETA_PERKINS_ 

   AND_JINKS, A.SHUKLA, A.ECOVALENCE, 
   B.PI, C.CVI

	 FROM TEMP_STABLE2 AS A
	 INNER JOIN OUTLANDB3_&DEPVAR AS B ON 

   A.CL=B.CL
	 INNER JOIN PLAISTEDCV_&DEPVAR AS C ON 

   B.CL=C.CL;
QUIT; 
*%MEND UNIVARIATE2;

The macro UNivariate3 computes least square (LS) 
means, standard error of LS means, least significant difference 
(LSD) of the mean, and Kang’s yield-stability statistic (YSi). Here 
Kang’s YSi is computed based on the steps outlined by Mekbib 
(2003) in the code below. The results of macro UNivariate3 
are captured in the UNivariate3&DEPVAR.SAS file 
(SAS window ® Explorer panel ® Results tab ® Libraries ® 
Work library), where &DEPVAR is a dependent variable name 
(Supplemental Fig. S2C). The LSD is used to compare trait means 
across genotypes. As for other stability parameters, the user can 
compute the LS means, standard error of the LS means, LSD of 
the mean, and YSi independently. However, the user is required 
to run the macros UNivariate2 and UNivariate3 in 
sequential order. This is because UNivariate3 reads the 
dataset TEMP_STABLE2 from UNivariate2 (Fig. 5). The 
user-defined, required field (dataset TEMPA2) for the macro 
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UNivariate3 is in bold in the code below. A schematic dia-
gram of UNivariate3 to illustrate its process is presented in 
Fig. 5.

*%Macro UNIVARIATE3; 
%LET DEPVAR = DEPENDENT_VARIABLE_NAME; 

/*User needs to enter dependent variable name*/

*Comment: Macro for total no of REP and ENV;
*Comment: Compute environmental index;
PROC SQL NOPRINT;
	 SELECT COUNT (DISTINCT(RP))INTO: 

   TOTAL_RP TRIMMED FROM TEMPA2;
	 SELECT COUNT (DISTINCT(EN))INTO: 

   TOTAL_EN TRIMMED FROM TEMPA2;

	 CREATE TABLE DSTERM AS SELECT EN, RP, YR,  
   LC, MEAN(&DEPVAR) AS ENV&DEPVAR 
   /*Environmental index*/

	 FROM TEMPA2 GROUP BY EN, RP, YR, LC 
   ORDER BY EN, RP, YR, LC;

	 CREATE TABLE DST02 AS SELECT A.*, 
   B.ENV&DEPVAR 

	 FROM TEMPA2 AS A
	 LEFT JOIN DSTERM AS B ON (A.EN=B.EN 

   AND A.RP=B.RP)
	 ORDER BY CL;
QUIT;

PROC GLM
	 DATA=DST02 OUTSTAT=OUTMSDS 

   PLOTS=NONE; 
	 CLASS CL LC RP EN;
	 MODEL &DEPVAR= EN RP(EN) CL (EN);

	 LSMEANS CL(EN)/STDERR 
   OUT=CLTLSMNDS1 SLICE=(EN CL);

	 ODS OUTPUT OVERALLANOVA=ANOVADS 
FITSTATISTICS=DEPMEANDS;

RUN;

PROC SQL NOPRINT;
	 CREATE TABLE CLTLSMNDS2
	 AS SELECT CL, MEAN(LSMEAN) AS LSMEAN, 

   MEAN(STDERR) AS STDERR
	 FROM CLTLSMNDS1 GROUP BY CL 

   ORDER BY CL;
QUIT; 

DATA CLTLSMNDS;
	 SET CLTLSMNDS2;
	 _NAME_=“&DEPVAR”;
RUN;
PROC SORT DATA=CLTLSMNDS;BY CL;RUN;

DATA SEE1;
	 IF _N_=1 THEN MERGE ANOVADS(IN= 

   A WHERE=(SOURCE = ‘Error’) KEEP= SOURCE 
   MS DF) DEPMEANDS(IN=B KEEP= DEPMEAN);

	 ELSE SET CLTLSMNDS; 
	   SE_DIFF=SQRT(MS*(2*(1/(&TOTAL_EN* 

   &TOTAL_RP))));
	   T_DFE=TINV(0.975, DF); /*alpha=0.975*/
	   LSD=T_DFE*SE_DIFF;
	 IF LSMEAN LE (DEPMEAN-2*LSD)THEN 

   SCORE_LSD=-3;
	 ELSE IF LSMEAN LE (DEPMEAN-LSD) THEN 

   SCORE_LSD=-2;
	 ELSE  IF  LSMEAN LE DEPMEAN THEN 

   SCORE_LSD=-1;

	 IF LSMEAN GE (DEPMEAN+2*LSD) THEN 
   SCORE_LSD=3;

	 ELSE IF LSMEAN GE (DEPMEAN+LSD) THEN 
   SCORE_LSD=2;

	 ELSE  IF  LSMEAN GE DEPMEAN THEN 
   SCORE_LSD=1;

RUN;

DATA SEE1;
	 SET SEE1;
	 IF _N_ GT 1;
RUN;
PROC SORT DATA=SEE1;BY CL;RUN;
PROC SORT DATA=TEMP_STABLE2;BY CL;RUN; 

/*Dataset TEMP_STABLE2 is generated from macro 
%UNIVARIATE2*/

DATA SEE2 (DROP = SHUKLA_);
	 MERGE SEE1 TEMP_STABLE2 (KEEP = 

   CL SHUKLA);
	 BY CL;
	 F_CALC=SHUKLA/MS;
	 PF_SHUKLA=1-PROBF(F_CALC, 

   (&TOTAL_EN-1),DF);

	 IF PF_SHUKLA  LE 0.01 THEN SIG_SHUKLA=-8;

Fig. 4. Simplified flow diagram of the macro UNIVARIATE2 
process.
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	 ELSE IF  PF_SHUKLA LE 0.05 THEN 
   SIG_SHUKLA=-4;

	 ELSE IF  PF_SHUKLA LE 0.10 THEN 
   SIG_SHUKLA=-2;

	 ELSE SIG_SHUKLA=0;

	 SHUKLA_= PUT(SHUKLA, 10.5);
	 IF PF_SHUKLA LE 0.001 THEN SHUKLA_TEST= 

   TRIM(SHUKLA_)||TRIM(LEFT(“***”));
	 ELSE IF PF_SHUKLA LE 0.01 THEN SHUKLA_ 

   TEST=TRIM(SHUKLA_)||TRIM(LEFT(“**”));
	 ELSE IF PF_SHUKLA LE 0.05 THEN SHUKLA_ 

   TEST=TRIM(SHUKLA_)||TRIM(LEFT(“*”));
	 ELSE SHUKLA_TEST=SHUKLA_;
RUN;

PROC RANK DATA=SEE2  OUT=RNK&DEPVAR;
	 VAR LSMEAN;
	 RANKS YRANK;
RUN;

PROC SORT DATA= RNK&DEPVAR; 
BY  DESCENDING YRANK;RUN;

DATA  RNK&DEPVAR;
	 SET RNK&DEPVAR;
	 SUMMED=YRANK +SCORE_LSD;
	 YS=SUMMED +SIG_SHUKLA;
RUN;

*Comment mark (@) stable genotype based on 
YS > mean(YS);

PROC SQL NOPRINT;
	 SELECT MEAN(YS)INTO: MEAN TRIMMED 

   FROM RNK&DEPVAR;
QUIT;
%PUT MEAN =&MEAN;

DATA RNK&DEPVAR;
	 SET RNK&DEPVAR;
	 YS_=PUT(YS,8.0);
	 IF YS GT &MEAN THEN YS_TEST= 

   TRIM(YS_)||TRIM(LEFT(“@”));
	 ELSE YS_TEST=YS_;
	 DROP YS_;
RUN;

*Post process the data;
*Output for LSMEAN, LSD, YS, test of SIG. for SHUKLA;
PROC SQL NOPRINT;
	 /*Prepare dataset for correlation*/
	 CREATE TABLE STABLE3&DEPVAR
	 AS SELECT CL, _NAME_ AS TRAIT, LSMEAN, 

   LSD, YS
	 FROM RNK&DEPVAR;

	 /*Prepare dataset for stability output*/
	 CREATE TABLE UNIVARIATE3&DEPVAR
	 AS SELECT CL, _NAME_ AS TRAIT, LSMEAN, LSD, 

   SHUKLA_TEST AS SHUKLA, YS_TEST AS YS
	 FROM RNK&DEPVAR;
QUIT; 
*%MEND UNIVARIATE3;

The macro LEVELOFSIG concatenates the Spearman 
correlation value with the  level of significance. The level of 
significance at 0.05, 0.01, and 0.001 is represented by *, **, 
and ***, respectively.

The macro OUTPUTEXCEL exports output files in Excel (.xlsx 
only) and to the same folder or location where the input data file 
is placed. Similarly, the macro OUTPUTCSV exports output files 
as comma-separated value (.CSV) files and to same folder or loca-
tion where the input data file is placed. These .CSV files are loaded 
into RStudio to analyze multivariate stability statistics using 
the AMMI and GGE biplot models. The macros GENOTYPE, 
ENVIRONMENT, and LOCATION generate shorter names for 
genotypes or cultivars, environment, and location, respectively, so 
that visualization of the AMMI and GGE biplot output is legible.

Creating Macro Variables for Dependent 
Variables during DATA Step Execution

SASG´E creates macro variables for the total number 
of (&LAST_DEPVARIABLE) and each dependent variable 
(&DEPVARX) using SYMPUT routine in a DATA step so that 
it knows the number of iterations the program needs to run. 
To improve program efficiency, the DATA _NULL_ statement 
was used:

DATA _NULL_;
	 SET START1 END=END_OF_DATASET;
	 CALL SYMPUT (‘DEPVARX’||TRIM(LEFT(_N_)), 

   NAME); /*macro for dependent variable*/
	 IF END_OF_DATASET THEN CALL SYMPUT 

   (‘LAST_DEPVARIABLE’, COMPRESS(_N_));  
RUN;

Fig. 5. Simplified flow diagram of the macro UNIVARIATE3 
process.
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Compute Stability Statistics of All Dependent 
Variables Simultaneously, Using Macro STABILITY

The macro STABILITY computes different stability statis-
tics for multiple dependent variables using iterative %DO and 
%END statements. During each iteration, one dependent vari-
able is analyzed. The %DO loop stops processing after the stop 
value is equal to &LAST_DEPVARIABLE.

Input data are quality checked for missing records and the 
environment is defined in the DATA TEMPA2 statement. 
SASG´E removes rows having missing records for location, 
year, replication, or dependent variable. The environment (EN) 
is a combination of year and location. Descriptive statistics, 
including means, sum, and CV, are computed using PROC 
MEANS and PROC SQL. Using PROC TRANSPOSE, the 
results of the descriptive statistics are transposed in a user-
friendly layout so that researchers can interpret them easily. 
SASG´E generates the following descriptive statistics:

•	 Trait mean across genotypes and environments 
(MEAN&DEPVAR.SAS)

•	 Trait sum across genotypes and environments 
(SUM&DEPVAR.SAS)

•	 Trait mean across genotypes, environments, and replica-
tions (ENV&DEPVAR.SAS)

•	 Trait mean across genotypes, years, locations, and replica-
tions (M_&DEPVAR_CYLR.XLSX)

•	 Trait mean across genotypes, years, and locations 
(M_&DEPVAR_CYL.XLSX)

•	 Trait mean across genotypes and years 
(M_&DEPVAR_CY.XLSX)

•	 Trait mean across genotypes and locations 
(M_&DEPVAR_CL.XLSX)

•	 Trait CV across genotypes and locations 
(CV_&DEPVAR_CL.XLSX)

•	 Trait mean across genotypes (M_&DEPVAR_C.XLSX)
•	 Trait mean across locations (M_&DEPVAR_L.XLSX)
•	 Trait mean across locations and years 

(M_&DEPVAR_LY.XLSX)
•	 Trait mean across genotypes and environments 

(M_&DEPVAR_CE.XLSX)
•	 Trait mean across genotypes, locations, and replications 

(M_&DEPVAR_CLR.XLSX)
•	 Trait mean across genotypes, environments. and replica-

tions (M_&DEPVAR_CER.XLSX)

The macro STABILITY automatically exports .xlsx output 
files of descriptive statistics to the same location or folder where 
the input data file is placed. The user can view .SAS output files 
of descriptive statistics in the current SAS session at the fol-
lowing location: SAS program window ® Explorer panel ® 
Explorer tab ® Libraries ® Work library.

An ANOVA is computed using PROC GLM to determine 
the size and significance of the G´E of the dependent variable. 
SASG´E considers genotypes, years, locations, and replications 
as random effects. An F-test is used to test the significance of 
each factor. The level of significance of the F-test at 0.05, 0.01 

and 0.001 is represented by *, **, and ***, respectively. When 
two or more factors (out of three or more factors) are random, 
then an exact error term for the F-test is not found for all the 
factors. Therefore, PROC GLM estimates the correct variance 
component to test each factor. The output file OVERALL_
ANOVA_&DEPVAR.XLSX reports pooled ANOVA results 
along with the test term for each factor (Supplemental Fig. S2D).

Similarly, SASG´E computes statistics for identifying 
a location’s discriminating ability and representativeness. 
Location statistics include yearly ANOVA, overall genotype 
F-ratio across each location, standard deviation, correlation of 
average location with individual location, and cluster analy-
sis. Results of the location statistics are captured in YEAR_
ANOVA_&DEPVAR.XLSX, LOCATION_VALUE_&DEPVAR.
XLSX, and LOCTREE_&DEPVAR.PDF. Cluster analysis 
output (.pdf) is exported to the same folder or location where 
the input data (.xlsx) file is placed (Supplemental Fig. S1C).

The macro STABILITY calls the macros UNIVARIATE1, 
UNIVARIATE2, and UNIVARIATE3 to compute univariate 
stability statistics. These univariate statistics include regres-
sion slope (bi), standard error of the slope, deviation from 
regression (Sd

2), t-test on regression slope (H0: bi = 1), F-test 
deviation from regression (H0: Sd

2 = 0), Wricke’s ecovalence 
(Wi

2), Shukla’s stability variance (si
2), Perkins and Jinks b 

(bi), Lin and Binns cultivar superiority measure (Pi), Francis 
and Kannenberg coefficient of variation (CVi), LS means, 
standard error of LS means, LSD, and Kang’s yield stabil-
ity statistic (YSi). The major reasons for defining the macros 
UNIVARIATE1, UNIVARIATE2, and UNIVARIATE3 
outside of the macro STABILITY are to add keyword parame-
ters and to avoid nested macros so that the program is efficient, 
flexible, and easy to debug.

SASG´E assigns ranks to genotypes for each stability 
parameter. Spearman’s rank correlation is computed using 
PROC CORR on the ranks to measure the relationship 
between stability parameters. Genotypes are ranked in 
increasing order for decreased values of a dependent variable. 
However, for certain dependent variables such as disease, cull 
fruits percentage, etc., where a lower trait value is considered 
to be good, the user is required to assign a higher ordinal value 
to a lower trait value of such dependent variables. Otherwise, 
Spearman’s rank correlation will give the wrong (or opposite) 
output and mislead the user. Genotypes are ranked in increas-
ing order for increased values of Sd

2, Wi
2, si

2, Pi, CVi, and YSi. 
A regression slope (bi) approximating unity is considered to be 
stable; therefore genotypes are ranked in increasing order when 
bi > 1 and decreasing order when bi < 1. Similarly, bi is stable 
near zero; therefore genotypes are ranked in increasing order 
when bi > 0 and decreasing order when bi < 0. The level of sig-
nificance of correlation at 0.05, 0.01, and 0.001 is represented 
by *, **, and ***, respectively.

The macro STABILITY invoked the macros 
OUTPUTEXCEL and OUTPUTCSV to generate output files 
in .xlsx and .csv formats, respectively. These output files are 
automatically sent to the same location or folder where the 
input data file is placed (Supplemental Fig. S1A and S1C). 
The following are the output files generated by the macro 
OUTPUTEXCEL:
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•	 Trait mean across genotype, year, location, and replication 
(M_&DEPVAR_CYLR.XLSX)

•	 Trait mean across genotype, year, and location 
(M_&DEPVAR_CYL.XLSX)

•	 Trait mean across genotype and year 
(M_&DEPVAR_CY.XLSX)

•	 Trait mean across genotype and location 
(M_&DEPVAR_CL.XLSX)

•	 Trait CV across genotype and location 
(CV_&DEPVAR_CL.XLSX)

•	 Trait mean across genotype (M_&DEPVAR_C.XLSX)
•	 Trait mean across location (M_&DEPVAR_L.XLSX)
•	 Trait mean across location and year 

(M_&DEPVAR_LY.XLSX)
•	 Trait mean across genotype and environment 

(M_&DEPVAR_CE.XLSX)
•	 Trait mean across genotype, environment, and replication 

(M_&DEPVAR_CER.XLSX)
•	 Trait mean across genotype, location, and replication 

(M_&DEPVAR_CLR.XLSX)
•	 Pooled analysis of variance 

(OVERALL_ANOVA_&DEPVAR.XLSX)
•	 Yearly analysis of variance 

(YEAR_ANOVA_&DEPVAR.XLSX)
•	 Location value 

(LOCATION_VALUE_&DEPVAR.XLSX)
•	 Univariate stability statistics (STAB_&DEPVAR.XLSX)
•	 Spearman’s rank correlation (ANOVA_&DEPVAR.XLSX)
•	 Legend for location used in AMMI 

(LOC_LEGEND_&DEPVAR.XLSX)
•	 Legend for genotype used in AMMI and GGE biplot 

(GEN_LEGEND_&DEPVAR.XLSX)
•	 Legend for environment used in AMMI and GGE biplot 

(ENV_LEGEND_&DEPVAR.XLSX)

The following are the output files generated by the macro 
OUTPUTCSV:

•	 Input file for RStudio for GGE biplot (genotype ´ envi-
ronment) analysis (BIPLOT_&DEPVAR_.CSV)

•	 Input file for RStudio for GGE biplot (genotype ´ loca-
tion) analysis (BIPLOT2_&DEPVAR_.CSV)

•	 Input file for RStudio for AMMI (genotype ´ environ-
ment) analysis (AMMI1_&DEPVAR_.CSV)

•	 Input file for RStudio for AMMI (genotype ´ location) 
analysis (AMMI2_&DEPVAR_.CSV)

Multivariate Statistics

SASG´E does not compute multivariate statistics (AMMI 
and GGE biplot) for stability analysis per se. However, 
files (BIPLOT_&DEPVAR_.CSV, BIPLOT2_&DEPVAR_.
CSV, AMMI1_&DEPVAR_.CSV, and AMMI2_&DEPVAR_.
CSV) generated by SASG´E can be loaded into RStudio to 
compute multivariate stability statistics (RStudio, 2014). 

These files are compatible with AMMI (agricolae) and GGE 
biplot (GGEBiplotGUI) packages available at the CRAN 
repository and hence ready to go in RStudio. However, the 
user needs to be cautious with the case sensitivity of the R 
computing language. RStudio is an integrated tool designed 
to help the user be more productive with R computing soft-
ware, and it requires R Version 2.11.1 or higher. To improve 
the visuals of AMMI and GGE biplot analysis, genotypes, 
locations, and environments are abbreviated as G1 to Gn, 
LOC1 to LOCn, and ENV1 to ENVn, respectively, where 
n is the total number of entities. The user can view the 
respective abbreviations for a corresponding genotype, 
location, and environment in GEN_LEGEND_&DEPVAR.
XLSX, LOC_LEGEND_&DEPVAR.XLSX, and ENV_
LEGEND_&DEPVAR.XLSX files, respectively.

To analyze stability using the AMMI model, the user needs 
to select the AMMI( ) function of the agricolae package in the 
system library window of RStudio. If the agricolae package is 
not found in the system library, then the user can install it from 
the CRAN repository (Comprehensive R Archive Network, 
2014) (Supplemental Fig. S3A). Additionally, we have provided 
install.packages and library commands in R code that installs 
the library from CRAN and calls the library, respectively. Then 
reference the path of the folder where the input data are located 
from Session in the window tool bar (Session in window tool 
bar ® select Set Work Directory ® select Choose Work 
Directory ® select folder where data are kept) (Supplemental 
Fig. S3B). The user can also reference the path in code in the 
Console or R Script window. However, the user needs to be 
cautious about the requirement of a forward slash in the refer-
ence path in R computing language. The user can make use of 
the code below in the Console or R Script window to analyze 
the AMMI model. The output files AMMI1_&DEPVAR_.CSV 
and AMMI2_&DEPVAR_.CSV generate genotype ´ environ-
ment and genotype ´ location analysis results, respectively. The 
AMMI outputs from the example input dataset (Supplemental 
Fig. S4A and S4B) and their interpretation can be found in the 
supplemental material or at http://cuke.hort.ncsu.edu/cucur-
bit/wehner/software.html. In AMMI analysis, the principal 
components (PCs) are often called interaction PCs. However, 
the AMMI( ) function of the agricolae package does not have 
the option to pass user-defined arguments to label the axis of 
AMMI biplots. Therefore, the default label PC represents the 
axis of AMMI biplots.

#Comment: User needs to replace input data file path
setwd(“E:/PhD Research Work/PhD Articles/Articles for 

Publication/G´E SAS Prog/Sample Data”)

#Comment: User needs to replace file name (AMMI2_MK-
MGHA). It is case sensitive

Data = read.csv(file=“AMMI1_MKMGHA.csv”, 
header=TRUE)

#Comment: View top 6 rows of data
head(Data)

attach(Data)

#install library agricolae
#user can comment out install.packages command to 
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turn it off
install.packages(“agricolae”)

#Call agricolae library
library (agricolae)

#Comment: User needs to replace dependent variable name 
(MKMGHA). It is case sensitive

model <- AMMI(Locality, Genotype, Rep, MKMGHA, 
console=FALSE)

model$ANOVA

#Comment: see help(plot.AMMI)
detach(Data)

#Comment: biplot
plot(model)

#Comment: triplot PC 1,2,3
plot(model, type=2, number=TRUE)

#Comment: biplot PC1 vs. DEPENDENT VARIABLE
plot(model, first=0,second=1, number=TRUE)
Similarly, the user needs to select the GGEBiplotGUI 

package in the system library window of RStudio to compute 
the GGE biplot model. If the GGEBiplotGUI package is 
not found in the system library, then the user should install 
it from the CRAN repository (Comprehensive R Archive 
Network, 2014) (Supplemental Fig. S3C). Additionally, we 
have provided install.packages and library commands in the 
R code shown below that will install the library from CRAN 
and call the library, respectively. Then, reference the path of 
the folder where the input data are located from Session in 
the window tool bar (Session in window tool bar ® select 
Set Work Directory ® select Choose Work Directory ® 
select folder where data are kept) (Supplemental Fig. S3B). 
The user can also reference the path in code in the Console 
or R Script window. However, the user needs to be cautious 
about the requirement for a forward slash in the reference 
path in the R computing language, which is the opposite of 
SAS. The GGEBiplotGUI package accepts input data where 
rows are labeled and no blank [NA] records. Therefore, the 
system-defined function rownames was used to label the 
rows. Similarly, the user-defined function na_check was 
used to replace blank records with the trait mean for the 
genotype across locations [gge=na_check(gge,“Mean”)] 
or by zero [gge=na_check(gge,“Zero”)]. The user has the 
option to choose either the mean or zero to replace blank 
[NA] records. If the input data do not have missing records, 
then the program will process the data per se. The user 
can use the code below in the Console or R Script window 
to run GGEBiplot.

#Comment: User needs to replace input data file path
setwd(“E:/PhD Research Work/PhD Articles/Articles for 

Publication/G´E SAS Prog/Sample Data”)

#install library agricolae
#user can comment out install.packages command 

to turn it off
install.packages(“GGEBiplotGUI”)

#Call GGE Biplot library

library (GGEBiplotGUI)

#Comment: User needs to replace file name. It is 
case sensitive

gge=read.csv(file=“BIPLOT2_MKMGHA.csv”, 
header=TRUE)

#Comment: View top 6 rows of data
head(gge)

#Comment: colnames( ) gives column labels
#Comment: rownames( ) gives row labels
rownames(gge)=gge[,1]
gge=gge[,–1]

#Comment: View top 6 rows of data
head(gge)

#Make a function to find all the NA (blank) values and 
replace with either row_mean or zero

na_check=function(dat,check)
{
  for(i in 1:nrow(dat))
  {
    for(h in 1:ncol(dat))
    {
      if (is.na(dat[i,h])==T)
      {
        if (check==“Mean”)
        {
          dat[i,h]=mean(na.omit(as.numeric(dat[i,])))
          {
            if(check==“Zero”)
            {
              dat[i,h]=0
            }
          }
        }
      }
    }
  }
  return(dat)
}

#Comment: Replace blank record with mean or zero using 
user defined function na_check

gge=na_check(gge,“Mean”)

#Comment: View top 6 rows of data
head(gge)

#Comment: GGE biplot analysis
GGEBiplot(Data=gge)

Upon executing the code, the Model Selection window 
opens and the user is required to populate the dropdowns for 
SVP, Centered By, and Scaled (Divided) By to generate appro-
priate biplots as described by Yan et al. (2007) (Supplemental 
Fig. S3D). The singular value partition (SVP) attribute of the 
Model Selection window has dropdown values of 1 and 2 
(Supplemental Fig. S3D), where a value of 1 indicates that 
singular values are partitioned into genotype scores, enhancing 
the biplot for comparing genotypes, and a value of 2 indicates 
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that singular values are partitioned into environment scores, 
enhancing the biplot for visualizing the relationships among 
environments (Yan et al., 2007).

Similarly, the Centered By attribute in the Model Selection 
window has dropdown values of 0, 1, 2, or 3 (Supplemental 
Fig. S3D). A value of 0 means original data are used for visual-
ization—effective for a dataset whose grand mean is close to 0. 
It is useful in quantitative trait loci ´ environment interaction 
and genotype covariate ´ environment interaction studies. A 
value of 1 means the grand mean is centered and useful when 
both row (genotype) and column (environment) main effects 
are of interest, while a value of 2 means the data are environ-
ment centered and a value of 3 means the data are double-
centered—desirable if G´E is of sole interest and for gene 
expression studies.

The dropdown values of the Scaled By attribute in the 
Model Selection window include 0, 1, 2, and 3 (Supplemental 
Fig. S3D). The purpose of scaling is to put the variables 
in comparable ranges by dividing by different parameters. 
Scaling is necessary if the variables are of different units. A 
value of 0 means the data are not divided by anything. A value 
of 1 means the data are rescaled by the within-environment 
standard deviation and assumes all environments to be 
equally important. A value of 2 means the data are rescaled by 
within-environment standard errors. It removes any heteroge-
neity among environments with regard to their experimental 
errors while retaining the information about the environ-
ment’s discriminating ability (Yan et al., 2007). A value of 3 
means the data are rescaled by the environment means. It 
removes the differences in units and data ranges among the 
variables while retaining the discriminating ability of the 
environments (Yan et al., 2007).

The SASG´E output files BIPLOT_&DEPVAR_.
CSV and BIPLOT2_&DEPVAR_.CSV generate geno-
type ´ environment and genotype ´ location biplot 
results, respectively. A detailed description and the dif-
ferences between the AMMI and GGE biplot models 
was presented by Yan et al. (2007). The GGE biplot 
outputs of the example dataset (Supplemental Fig. 
S5A, S5B, and S5C) and their interpretation are pre-
sented in the supplemental material or can be found at 
http://cuke.hort.ncsu.edu/cucurbit/wehner/software.html.

Supplemental Material

The supplemental material available online includes the SASG´E 
program, example input data, graphical illustrations for uploading 
an input data file in SASG´E and installing R packages in RStudio, 
outputs from the example input data, and interpretation of univariate 
and multivariate statistical analysis.
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SUPPLEMENT 

(For Publication) 

 

Analysis of Genotype x Environment Interaction (GxE) Using SAS Programming 

 

Description  

The supplemental material provides SASGxE program, example input data, 

graphical illustrations for uploading input data file in SASGxE and installing R packages 

in ‘R studio’, outputs from example input data, and interpretation of univariate and 

multivariate statistical analysis.  

 

Output and Interpretation of univariate stability statistics 

Linear regression coefficient (bi) 

Regression coefficient (bi) of genotypes approximating unity (P<0.01) along with 

high trait mean is considered to stable across wide range of environment. When this is 

associated with low trait mean performance, genotypes are poorly adapted to all 

environments. A bi greater than unity describes genotypes with higher sensitivity to 

environmental change (below average stability), and greater specificity of adaptability to 

high yielding environments. Output of bi for trait MKMGHA from example input dataset 

is presented in Figure S2 Panel A.   

 

Deviation from regression (S
2

d) 

Genotype is considered to be stable when deviation from regression (S
2

d) is not 

significantly different from zero. Output of S
2
d for trait MKMGHA from example input 

dataset is presented in Figure S2 Panel A. 

 

Perkins and Jinks (βi) 

Genotypes with slope βi values not significantly different from 0.0 were judged to 

be stable, whereas those with significant βi values were unstable. Output of βi for trait 

MKMGHA from example input dataset is presented in Figure S2 Panel B. 

 

Shukla stability variance (σi
2
), Wricke's ecovalence (Wi), Lin and Binns Pi (Pi), Francis 

and Kannenberg coefficient of variation (CVi)  

Genotype with low σi
2
, Wi, Pi and CVi is regarded as stable. Output of σi

2
, Wi, Pi, 

and CVi for trait MKMGHA from example input dataset is presented in Figure S2 Panel 

B. 

 

Kang stability statistic (YSi) 

According to this method, genotypes with YSi greater than the mean YSi are 

considered stable. Output of YSi for trait MKMGHA from example input dataset is 

presented in Figure S2 Panel C and stable genotypes are marked with symbol ‘@’. 

 

Output and interpretation of multivariate stability statistics 
AMMI 

Biplot (Trait vs. PC1) 
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The biplot abscissa and ordinate shows the trait main effect and first principal 

component (PC1) term, respectively. The horizontal and vertical lines that divide the 

graph into four quadrants indicate the interaction score of zero and trait gran mean, 

respectively. Displacement along the vertical axis indicates the interaction difference 

between genotypes and environments. Similarly, displacement along horizontal axis 

indicates the difference in genotype and environment main effect. The genotypes with 

PC1 scores close to zero indicate general adaptation across the environments, whereas 

with larger PC1 scores indicate specific adaptation of genotypes to environment which 

has same PC1 scores and sign. The relative magnitude and direction of genotypes along 

the abscissa and ordinate axis in biplot explain the response pattern of genotypes across 

the environments.  The genotype with PC1 score close to zero and high trait mean is 

considered to be stable. The environment with PC1 scores close to zero indicates smaller 

variation in interaction and relative ranking of genotypes are stable at these locations.  

This biplot is also known as AMMI1 as it considers one PC into account. It is commonly 

used for genotypic evaluation. Output of trait (MKMGHA) vs PC1 biplot of example 

input dataset is presented in Figure S4 Panel A.   

 

Biplot (PC1 vs. PC2) 

 The biplot abscissa and ordinate showed the first and second multiplicative axis 

term (PC1 and PC2), respectively. Horizontal and vertical lines passing from the origin 

(0, 0) of biplot divide the biplot into four quadrants. The distances from the origin of 

biplot indicate the amount of interaction exhibited by genotypes either over environment 

or environment over genotypes. The angle between genotype and environment vectors 

determined the nature of interaction; that is, it is positive for acute angles, negligible for 

right angles, and negative for obtuse angle. The angle formed by the vectors two 

environments provided an estimate of their correlation. Similarly, the small angles 

between genotype vectors inside same quadrant are similar in genetic performance. 

Connecting extreme genotype on biplot forms a polygon and the perpendicular to the side 

of polygon form sectors of genotype and environment. The genotypes at vertex of 

polygon are the winners in the environments included in that sector. When location falls 

in same sector across years then location is considered as separate mega-environment for 

genotype evaluation and recommendation. Location close to biplot origin is less 

interactive location and considered to be location good for selection of genotypes with 

average adaptation. This biplot is also known as AMMI2 as it considers two PC into 

account and it is used for mega-environment evaluation. Output of PC1 vs PC2 biplot for 

trait MKMGHA of example input dataset is presented in Figure S4 Panel B.        

 

GGE Biplot 

‘Which-won-where’ or polygon view 

The ‘which-won-where’ or polygon view of the GGE biplot is an effective visual 

tool in mega-environment analysis. The perpendicular lines to the polygon sides divide 

the biplot into sector. If environments fall into different sectors, this suggests that 

different genotype won in different sector and thus genotype x environment interaction or 

crossover pattern exist. The winning genotype for a sector is the vertex genotype. 

Conversely, if all environments fall into a single sector, this indicates that a single 

genotype had the highest yield in all environments. Dividing target environment or 
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location into mega-environment is recommended if crossover patterns are repeatable 

across year. Locations fall within one sector is considered as one mega-environment. 

Mega-environment is set of location that consistently share the best set of genotypes 

across years. Output of ‘which-won-where’ view of the biplot for trait MKMGHA of 

example input dataset is presented in Figure S5 Panel A.   

 

Mean vs. stability view 

The ‘mean vs. stability’ view of GGE biplot facilitates genotype comparisons 

based on mean performance and stability across environments within a mega-

environment. An ‘ideal’ genotype should have both high mean and high stability 

performance within a mega-environment. An ideal genotype is represented by the head of 

arrow on AEC abscissa (horizontal axis). The arrow shown on the AEC abscissa points in 

the direction of higher mean performance of genotypes and, consequently ranks the 

genotypes with respect to mean performance. The most stable genotype is located almost 

on the AEC abscissa (horizontal axis) and had a near-zero projections onto the AEC 

ordinate (vertical axis). It means, the rank of this genotype was highly consistent across 

the environment. Output of ‘mean vs. stability’ view of the biplot for trait MKMGHA of 

example input dataset is presented in Figure S5 Panel B. 

 

Discriminative vs. representativeness view 
The ‘discriminating power vs. representative’ view of GGE biplot identifies test 

environments that effectively identify superior genotypes for mega-environment. An 

‘ideal’ test environment is a virtual environment that has the most ability to discriminate 

the genotype and represent the mega-environment. An ideal test environment is 

represented by the head of arrow on AEC abscissa (horizontal axis). Test environment 

with longest vectors from biplot origin are more discriminating of the genotypes. If the 

test environment has a very short vector or is close to biplot origin, it means genotypes 

performed similar in it. A short vector could also mean that environment is not 

represented well by PC1 and PC2 if the biplot does not explain most of the data (Yan et 

al., 2007). Similarly, the test environment that has small angle on AEC abscissa is more 

representative of the mega-environment than those that have larger angles with it. Output 

of ‘discriminative vs. representative’ view of the biplot for trait MKMGHA of example 

input dataset is presented in Figure S5 Panel C. 

 

SASGxE Program    
 
/***********************************************************************/ 

/*************          USER INPUT FIELD START            **************/ 

/***********************************************************************/; 

 

%LET IPATH = E:\PhD Research Work\PhD Articles\Articles for Publication\GxE SAS  

Prog\Sample Data1; /*INPUT FILE PATH*/ 

%LET INAME = SASGxE_PROG_INPUT_DATA ; /*INPUT FILE NAME*/ 

%LET ISHEETNAME1 = SHEET2; /*INPUT FILE SHEET NAME*/ 

 

/***********************************************************************/ 

/*************           USER INPUT FIELD END             **************/ 

/***********************************************************************/; 

 

OPTIONS NODATE NONUMBER NOLABEL NOMLOGIC MPRINT NOSYMBOLGEN; 

TITLE;  
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FOOTNOTE; 

DM LOG "CLEAR"; 

*ODS HTML CLOSE; /*OPTIONAL: USER CAN TURN IT ON*/ 

RUN; 

 

*COMMENT: IMPORT INPUT DATA FROM EXCEL FILE(.XLSX ONLY); 

PROC IMPORT  

 OUT= WORK.TEMPA1  

 DATAFILE= "&IPATH\&INAME..XLSX"   

 DBMS=XLSX REPLACE; 

 SHEET="&ISHEETNAME1"; 

RUN; 

 

DATA TEMPA1 (RENAME=(CLT=CL)); 

 SET TEMPA1; 

 

 MKWT=SUM(MKWT1,MKWT2,MKWT3,MKWT4); /*SUM ACROSS THE DEPENDENT VARIABLES*/ 

 CLWT=SUM(CLWT1,CLWT2,CLWT3,CLWT4); /*SUM ACROSS THE DEPENDENT VARIABLES*/ 

 

 MKMGHA=MKWT*0.40751; /*CALCULATE YIELD MG/HA FOR 12 FT PLOT SIZE*/ 

 CLMGHA=CLWT*0.40751; /*FACTOR 0.40751 CONVERTS LBS/PLOT TO MG/HA*/ 

 

  IF CL=01 THEN CLT='Mountain Hoosier  ';  

 ELSE IF CL=02 THEN CLT='Hopi Red Flesh    '; 

 ELSE IF CL=03 THEN CLT='Early Arizona     '; 

 ELSE IF CL=04 THEN CLT='Starbrite F1      '; 

 ELSE IF CL=05 THEN CLT='Stone Mountain    '; 

 ELSE IF CL=06 THEN CLT='Stars-N-Stripes F1'; 

 ELSE IF CL=07 THEN CLT='AU-Jubilant       '; 

 ELSE IF CL=08 THEN CLT='Calhoun Gray      '; 

 ELSE IF CL=09 THEN CLT='Big Crimson       '; 

 ELSE IF CL=10 THEN CLT='Legacy F1         '; 

 

 DROP MKWT1 MKWT2 MKWT3 MKWT4 CLWT1 CLWT2 CLWT3 CLWT4 MKWT CLWT CL; 

RUN; 

 

 

*COMMENT: DEFINE MACRO FOR SLOPE AND DEVIATION FROM REGRESSION; 

*COMMENT: DEVIATION FROM REG. = PREDICTED - ACTUAL; 

*COMMENT: SLOPE IS TESTED FOR SIG. DIFFERENCE W/ VALUE ONE ; 

*COMMENT: DEVIATION FROM REG. TESTED FOR SIG. DIFFERENCE FROM ZERO; 

 

%MACRO UNIVARIATE1 ;  

*COMMENT: COMPUTE ENVIRONMENTAL INDEX; 

PROC SQL NOPRINT; 

 CREATE TABLE DSTERM AS SELECT EN, RP, YR, LC, MEAN(&DEPVAR) AS ENV&DEPVAR 

/*ENVIRNMENTAL INDEX*/ 

 FROM TEMPA2 GROUP BY EN, RP, YR, LC ORDER BY EN, RP, YR, LC; 

 

 CREATE TABLE DST02 AS SELECT A.*, B.ENV&DEPVAR  

 FROM TEMPA2 AS A 

 LEFT JOIN DSTERM AS B ON (A.EN=B.EN AND A.RP=B.RP) 

 ORDER BY CL; 

QUIT; 

 

%LET INDPVAR = ENV&DEPVAR;  

*ODS TRACE ON/LISTING; 

PROC GLM DATA= DST02 OUTSTAT=OUTMSEDS2 PLOTS=NONE; 

 BY CL; 

 CLASS CL LC RP EN; 

 MODEL &DEPVAR =&INDPVAR   EN RP  /SOLUTION SS1; 

 ODS OUTPUT OVERALLANOVA=ANOVADS2 PARAMETERESTIMATES=PARMGLMDS2; 

RUN; 
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*ODS TRACE OFF; 

 

DATA OUTMSEDS3(RENAME=(_SOURCE_=SOURCE)); 

 SET OUTMSEDS2(WHERE=(_SOURCE_ NE "RP") KEEP=CL _NAME_ _SOURCE_  DF SS); 

 MS=SS/DF; 

RUN; 

 

PROC TRANSPOSE DATA=OUTMSEDS3 (RENAME=(_NAME_=DEPENDENT)) OUT=MSDS ;    

 BY CL DEPENDENT; 

 ID SOURCE ; 

 VAR MS; 

RUN; 

 

PROC TRANSPOSE DATA=OUTMSEDS3 (RENAME=(_NAME_=DEPENDENT)) PREFIX=DF_  

OUT=FDS3(DROP=_NAME_) ;    

 BY CL DEPENDENT; 

 ID SOURCE ; 

 VAR DF; 

RUN; 

 

DATA REGCOEFDS; 

 SET PARMGLMDS2(WHERE = (PARAMETER="&INDPVAR") KEEP=CL PARAMETER  

DEPENDENT ESTIMATE STDERR); 

RUN; 

 

PROC SORT DATA= MSDS; BY CL DEPENDENT; RUN; 

PROC SORT DATA= REGCOEFDS; BY CL DEPENDENT;RUN; 

 

DATA SLOPE (RENAME=(BI=SLOPE DEVLMS=DEVREG)); 

 MERGE MSDS(IN=A DROP=_NAME_ RENAME=( ERROR=MSE  &INDPVAR=LREGMS  

EN=DEVLMS))  

 REGCOEFDS (RENAME=(ESTIMATE=BI)) 

 FDS3;  

 BY CL DEPENDENT; 

 T_HO1=(BI-1)/STDERR; /*NULL HYPOTHESIS: SLOPE=1 */ 

 PT_HO1=2*(1-PROBT(ABS(T_HO1), DF_ERROR));  

 IF  PT_HO1 LE 0.001 THEN SIG_SLOPE="***"; 

 ELSE IF  PT_HO1 LE 0.01 THEN SIG_SLOPE="**"; 

 ELSE IF  PT_HO1 LE 0.05 THEN SIG_SLOPE="*"; 

 

 F_DEVREG=DEVLMS/MSE; /*NULL HYPOTHESIS: PREDICTED-ACTUAL = 0*/ 

 PF_HO0= 1-PROBF(F_DEVREG, DF_EN, DF_ERROR); 

 IF  PF_HO0 LE 0.001 THEN SIG_DEVREG="***"; 

 ELSE IF  PF_HO0 LE 0.01 THEN SIG_DEVREG="**"; 

 ELSE IF  PF_HO0 LE 0.05 THEN SIG_DEVREG="*"; 

 

 /*CONCATENATE LEVEL OF SIGNIFICANCE WITH SLOPE AND DEVIATION*/ 

 SLOPE1 = PUT(BI, z5.3); 

 SLOPE2 = SLOPE1||LEFT(TRIM(SIG_SLOPE)); 

 DEVREG1 = PUT(DEVLMS, z12.3); 

 DEVREG2=DEVREG1||LEFT(TRIM(SIG_DEVREG)); 

 DROP SLOPE1 DEVREG1; 

RUN; 

 

*POST PROCESS THE DATA; 

*OUTPUT FOR SLOPE AND DEV FROM REG; 

PROC SQL NOPRINT; 

 /*PREPARE DATASET FOR CORRELATION*/ 

 CREATE TABLE STABLE1&DEPVAR 

 AS SELECT CL, DEPENDENT AS TRAIT, SLOPE, DEVREG  

 FROM SLOPE; 

 /*PREPARE DATASET FOR STABILITY OUTPUT*/ 

 CREATE TABLE UNIVARIATE1&DEPVAR 
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 AS SELECT CL, DEPENDENT AS TRAIT, SLOPE2 AS SLOPE, 

     STDERR AS STDERR_SLOPE, T_HO1 AS TTEST_SLOPE,  

     PT_HO1 AS PROB_SLOPE, DEVREG2 AS DEVREG, 

     F_DEVREG AS FTEST_DEVREG, PF_HO0 AS PROB_DEVREG 

 FROM SLOPE; 

QUIT;  

 

%MEND UNIVARIATE1; 

 

 

*COMMENT: DEFINING MACRO FOR ECOVALENCE, SHUKLAS SIGMA,  

  PERKINS AND JINKS BETA, LIN AND BINNS PI, FRANCIS & KENNENBERG CV; 

*COMMENT: COMPUTE WRICKES (1962) ECOVALENCE; 

*COMMENT: COMPUTE PERKINS AND JINKS (1968) SLOPE ; 

*COMMENT: COMPUTE SHUKLAS (1972) SIGMA; 

*COMMENT: COMPUTE LOCATION*YEAR VARIANCE (Pi)-LIN AND BINNS (1988); 

*COMMENT: COMPUTE GENOTYPES COEFFICIENT OF VARIATION- FRANCIS & KENNENBERG 

(1968); 

*COMMENT: COMPUTE REGRESSION OF GEN ON ENV MEANS-USING METHOD OF PERKINS AND 

JINKS;  

 

%MACRO UNIVARIATE2 ;  

PROC SQL NOPRINT; 

 ***SUM ACROSS ENV, CULTIGEN, YEAR, LOCATION***; 

 CREATE TABLE DSTECS AS SELECT EN, CL, YR, LC, SUM(&DEPVAR) AS SUM&DEPVAR  

 FROM TEMPA2 GROUP BY EN, CL, YR, LC ORDER BY EN; 

 

 ***LIST OF DISTINCT GENOTYPES***; 

 CREATE TABLE TEMP_CL 

 AS SELECT DISTINCT (CL) AS DISTINCT_CL FROM TEMPA2 ORDER BY CL; 

 

 ***MACRO FOR TOTAL NUMBER OF REPLICATION***; 

 SELECT COUNT (DISTINCT(RP))INTO: TOTAL_RP TRIMMED FROM TEMPA2; 

 

 ***MACRO FOR TOTAL NUMBER OF ENVIRONMENT***; 

 SELECT COUNT (DISTINCT(EN))INTO: TOTAL_EN TRIMMED FROM TEMPA2; 

QUIT; 

%PUT &TOTAL_RP = &TOTAL_EN =; 

 

DATA DST01 ; SET DSTECS; 

 BY EN; 

 IF FIRST.EN THEN ET+1; 

RUN; 

PROC SORT DATA=DST01; BY CL; RUN; 

 

%LET DEPVAR2=SUM&DEPVAR; 

DATA DST01B; 

 SET DST01; 

 BY CL; 

 ARRAY E(ET) E1-E&TOTAL_EN; 

 RETAIN E1-E&TOTAL_EN; 

 E=&DEPVAR2; 

 IF LAST.CL THEN DO; 

 OUTPUT; 

  DO OVER E; 

  E=.; 

  END; 

 END; 

 KEEP E1-E&TOTAL_EN CL;   

RUN; 

 

PROC IML; 

*RESET AUTONAME; 
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*START MAIN; 

USE DST01B; 

 READ ALL  INTO X; 

 P= NROW(X);  /*NO OF CULTIVAR*/ 

 Q= NCOL(X);  /*NO OF ENVIRONMENT*/ 

 CMEAN= X[+,]/P; ** COLUMN GRAND MEAN; 

 CULT= J(P,Q); 

 DO I={1} TO P; 

  CULT[I,]= CMEAN[{1},{1}:Q];  ***GENEARTE MATRIX OF COLUMN MEANS (P,Q); 

  END; 

 U=X- CULT;  **RESIDUALS FROM OVERALL MEAN; 

 UM=U/Q;      *** GET RESIDUAL OVER NUMBER OF COL (RESPONSES); 

 ENV= J(P,Q); 

 DO K={1} TO Q; 

  ENV[,K]= UM[,+]; 

  END; 

 DIFF=U-ENV; /*MATRIX OF GXE RESIDUALS*/ 

 SSDIFF=(DIFF#DIFF)[,+]; 

 SUMSS= SUM(SSDIFF); /*TOTAL SS RESID*/ 

 

 N={&TOTAL_RP}; /*NO OF REP*/ 

 ECOV=SSDIFF/N; /*WRICKES ECOVALENCE */ 

 L=P*(P-{1}); 

 E=(Q-{1})*(P-{1})*(P-{2}); 

 LSSDIFF=(SSDIFF*L)/N; 

 F= J(P,{1},(SUMSS/N)); 

 SIG=LSSDIFF-F; 

 

 SIGMA=SIG/E; /*SHUKLAS SIGMA*/ 

 TOT= SUM(X); 

 GM=TOT/(P*Q); 

 Z= J({1},Q,GM); 

 ZJ=CMEAN-Z; 

 SUMSQZJ= SUM(ZJ#ZJ); 

 RAT= J(P,Q); 

 DO R={1} TO P; 

  RAT[R,]= ZJ[{1},{1}:Q]; 

  END; 

 NEW=DIFF#RAT; 

 

 BETA=(NEW/SUMSQZJ)[,+]; /*REGRESSION OF GEN ON ENV MEANS-USING METHOD OF 

PERKINS AND JINKS*/ 

 GP= J(P,Q); 

 DO C={1} TO Q; 

  GP[,C]= BETA[{1}:P,{1}]; 

  END; 

 BIZJ=RAT#GP; 

 NEWDIFF=(DIFF-BIZJ); 

 SI=(NEWDIFF#NEWDIFF)[,+]; 

 TS=P/((P-{2})*(Q-{2})); 

 TOTSI= SUM(SI)/L; 

 

 SP=((SI-TOTSI)*TS)/N; /*SHUKLA S SQUARED*/ 

 

  CREATE IML_OUT VAR {BETA SIGMA ECOV};  

  APPEND ; CLOSE IML_OUT;  

QUIT; 

 

DATA TEMP_CL1 (RENAME=(DISTINCT_CL=CL)); 

 SET TEMP_CL; 

 ID= _N_; 

 TRAIT="&DEPVAR"; 

RUN; 
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DATA STAT2; 

 SET IML_OUT; 

 ID= _N_; 

 RENAME BETA=BETA_PERKINS_AND_JINKS /*OUTPUT BETA_PERKINS AND JINKS*/ 

     SIGMA=SHUKLA /*OUTPUT SIGMA_SHUKLA*/ 

     ECOV=ECOVALENCE;/*OUTPUT WRICKE'S ECOVALENCE*/ 

RUN; 

 

*MEREGE GENOTYPE NAME WITH STABILITY PARAMETERS; 

PROC SQL NOPRINT; 

 CREATE TABLE TEMP_STABLE2  

 AS SELECT A.CL, A.TRAIT, BETA_PERKINS_AND_JINKS, SHUKLA,ECOVALENCE 

 FROM TEMP_CL1 AS A 

 INNER JOIN STAT2 AS B ON A.ID=B.ID;  

QUIT; 

 

*COMMENT: COMPUTE LOCATION*YEAR VARIANCE (Pi)-LIN AND BINNS (1988); 

 

PROC SORT DATA = TEMPA2; BY CL; RUN; 

*ODS TRACE ON/LISTING; 

PROC GLM DATA= TEMPA2 PLOTS=NONE; 

 BY CL; 

 CLASS CL LC YR; 

 MODEL &DEPVAR =LC YR LC*YR; 

 RANDOM LC YR LC*YR/TEST; 

  ODS OUTPUT  

   OVERALLANOVA=OUTLANDB1  

   RANDOMMODELANOVA = OUTLANDB2; 

RUN; 

*ODS TRACE OFF; 

 

DATA OUTLANDB3_&DEPVAR; 

 SET OUTLANDB2 (WHERE=(SOURCE="LC*YR")); 

 MS1= PUT(MS, 10.5); 

   IF  PROBF LE 0.001 THEN PI=TRIM(MS1)||TRIM(LEFT("***")); 

 ELSE IF  PROBF LE 0.01 THEN PI=TRIM(MS1)||TRIM(LEFT("**")); 

 ELSE IF  PROBF LE 0.05 THEN PI=TRIM(MS1)||TRIM(LEFT("*")); 

 ELSE PI=MS1; 

 KEEP CL DEPENDENT MS PROBF PI; 

RUN; 

 

*COMMENT: COMPUTE GENOTYPES COEFFICIENT OF VARIATION-FRANCIS & KANNENBERG 

(1968); 

PROC SQL NOPRINT; 

 CREATE TABLE PLAISTEDCV_&DEPVAR AS  

 SELECT  CL, CV(&DEPVAR) AS CVI 

 FROM TEMPA2 

 GROUP BY CL; 

QUIT; 

 

*POST PROCESS THE DATA; 

*OUTPUT FOR SHUKLA, ECOVALENCE, BETA, PI AND CV; 

PROC SQL NOPRINT; 

 /*PREPARE DATASET FOR CORRELATION*/ 

 CREATE TABLE STABLE2&DEPVAR 

 AS SELECT A.CL, A.TRAIT, A.BETA_PERKINS_AND_JINKS, A.SHUKLA,  

     A.ECOVALENCE, B.MS AS PI, C.CVI 

 FROM TEMP_STABLE2 AS A 

 INNER JOIN OUTLANDB3_&DEPVAR AS B ON A.CL=B.CL 

 INNER JOIN PLAISTEDCV_&DEPVAR AS C ON B.CL=C.CL; 

 /*PREPARE DATASET FOR STABILITY OUTPUT*/ 

 CREATE TABLE UNIVARIATE2&DEPVAR 
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 AS SELECT A.CL, A.TRAIT, A.BETA_PERKINS_AND_JINKS, A.SHUKLA,  

     A.ECOVALENCE, B.PI, C.CVI 

 FROM TEMP_STABLE2 AS A 

 INNER JOIN OUTLANDB3_&DEPVAR AS B ON A.CL=B.CL 

 INNER JOIN PLAISTEDCV_&DEPVAR AS C ON B.CL=C.CL; 

QUIT;  

 

%MEND UNIVARIATE2; 

 

*COMMENT: DEFINE MACRO FOR TRAIT LEAST SQUARE (LS) MEANS, LSD, KANGS (1995) 

STABILITY PARAMETER-YS (MEKIB, 2003) ; 

*COMMENT: STABILITY PARAMETER 'YS' IS CALCULATED BASED ON SHUKLA AND TRAIT 

MEAN; 

*COMMENT: STABILITY PARAMTER 'YS' IS CALCULATED AS PROCEDURE LISTED BY MEKIB, 

F. EUPHYTICA, 2003; 

 

%MACRO UNIVARIATE3;  

*COMMENT: MACRO FOR TOTAL NO OF REP AND ENV; 

*COMMENT: COMPUTE ENVIRONMENTAL INDEX ; 

PROC SQL NOPRINT; 

 SELECT COUNT (DISTINCT(RP))INTO: TOTAL_RP TRIMMED FROM TEMPA2; 

 SELECT COUNT (DISTINCT(EN))INTO: TOTAL_EN TRIMMED FROM TEMPA2; 

 

 CREATE TABLE DSTERM AS SELECT EN, RP, YR, LC, MEAN(&DEPVAR) AS ENV&DEPVAR 

/*ENVIRNMENTAL INDEX*/ 

 FROM TEMPA2 GROUP BY EN, RP, YR, LC ORDER BY EN, RP, YR, LC; 

 

 CREATE TABLE DST02 AS SELECT A.*, B.ENV&DEPVAR  

 FROM TEMPA2 AS A 

 LEFT JOIN DSTERM AS B ON (A.EN=B.EN AND A.RP=B.RP) 

 ORDER BY CL; 

QUIT; 

 

PROC GLM 

 DATA= DST02 OUTSTAT=OUTMSDS PLOTS=NONE;  

 CLASS CL LC RP EN; 

 MODEL &DEPVAR =  EN RP(EN) CL (EN); 

 LSMEANS CL(EN)/STDERR  OUT=CLTLSMNDS1 SLICE=(EN CL); 

 ODS OUTPUT OVERALLANOVA=ANOVADS FITSTATISTICS=DEPMEANDS; 

RUN; 

 

PROC SQL NOPRINT; 

 CREATE TABLE CLTLSMNDS2 

 AS SELECT CL, MEAN(LSMEAN) AS LSMEAN , MEAN(STDERR) AS STDERR 

 FROM CLTLSMNDS1 GROUP BY CL ORDER BY CL; 

QUIT;  

 

DATA CLTLSMNDS; 

 SET CLTLSMNDS2; 

 _NAME_ = "&DEPVAR"; 

RUN; 

PROC SORT DATA=CLTLSMNDS;BY CL;RUN; 

 

DATA SEE1; 

 IF _N_=1 THEN MERGE ANOVADS(IN=A  WHERE=(SOURCE = 'Error') KEEP= SOURCE 

MS DF) DEPMEANDS(IN=B KEEP= DEPMEAN) ; 

 ELSE SET CLTLSMNDS ;  

  SE_DIFF=SQRT( MS*(2*(1/(&TOTAL_EN*&TOTAL_RP)))) ; 

  T_DFE= TINV(0.975, DF); /*PROBABILITY=0.975 OR ALPHA=0.025*/ 

  LSD= T_DFE*SE_DIFF; 

 IF LSMEAN LE (DEPMEAN-2*LSD)THEN SCORE_LSD=-3; 

 ELSE IF LSMEAN LE (DEPMEAN-LSD) THEN SCORE_LSD=-2; 

 ELSE  IF  LSMEAN LE DEPMEAN THEN SCORE_LSD=-1; 
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 IF LSMEAN GE (DEPMEAN+2*LSD)THEN SCORE_LSD= 3; 

 ELSE IF LSMEAN GE (DEPMEAN+LSD) THEN SCORE_LSD= 2; 

 ELSE  IF  LSMEAN GE DEPMEAN THEN SCORE_LSD= 1; 

RUN; 

 

DATA SEE1; 

 SET SEE1; 

 IF _N_ GT 1; 

RUN; 

PROC SORT DATA=SEE1;BY CL;RUN; 

PROC SORT DATA=TEMP_STABLE2;BY CL;RUN; 

 

DATA SEE2 (DROP = SHUKLA_); 

 MERGE SEE1 TEMP_STABLE2 (KEEP = CL SHUKLA) ; 

 BY CL; 

 F_CALC=SHUKLA/MS; 

 PF_SHUKLA=1-PROBF(F_CALC,(&TOTAL_EN-1),DF); 

 

 IF PF_SHUKLA  LE 0.01 THEN SIG_SHUKLA=-8; 

 ELSE IF  PF_SHUKLA LE 0.05 THEN SIG_SHUKLA=-4; 

 ELSE IF  PF_SHUKLA LE 0.10 THEN SIG_SHUKLA=-2; 

 ELSE   SIG_SHUKLA= 0; 

 

 SHUKLA_= PUT(SHUKLA, 10.5); 

  IF PF_SHUKLA LE 0.001 THEN SHUKLA_TEST=TRIM(SHUKLA_)||TRIM(LEFT("***")); 

 ELSE IF PF_SHUKLA LE 0.01 THEN 

SHUKLA_TEST=TRIM(SHUKLA_)||TRIM(LEFT("**")); 

 ELSE IF PF_SHUKLA LE 0.05 THEN 

SHUKLA_TEST=TRIM(SHUKLA_)||TRIM(LEFT("*")); 

 ELSE SHUKLA_TEST=SHUKLA_; 

RUN; 

 

PROC RANK  DATA=SEE2  OUT=RNK&DEPVAR; 

 VAR LSMEAN; 

 RANKS YRANK; 

RUN; 

 

PROC SORT DATA=  RNK&DEPVAR;BY  DESCENDING YRANK;RUN; 

 

DATA  RNK&DEPVAR; 

 SET RNK&DEPVAR; 

 SUMMED= YRANK +SCORE_LSD; 

 YS= SUMMED +SIG_SHUKLA; 

RUN; 

 

*COMMENT MARK (@) STABLE GENOTYPE BASED ON YS > MEAN(YS); 

PROC SQL NOPRINT; 

 SELECT MEAN(YS)INTO: MEAN TRIMMED FROM RNK&DEPVAR; 

QUIT; 

%PUT MEAN =&MEAN; 

 

DATA RNK&DEPVAR; 

 SET RNK&DEPVAR; 

 YS_ = PUT(YS,8.0); 

 IF YS GT &MEAN THEN YS_TEST=TRIM(YS_)||TRIM(LEFT("@")); 

 ELSE YS_TEST=YS_; 

 DROP YS_; 

RUN; 

 

*POST PROCESS THE DATA; 

*OUTPUT FOR LSMEAN, LSD, YS, TEST OF SIG. FOR SHUKLA; 

PROC SQL NOPRINT; 
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 /*PREPARE DATASET FOR CORRELATION*/ 

 CREATE TABLE STABLE3&DEPVAR 

 AS SELECT CL, _NAME_ AS TRAIT, LSMEAN, LSD, YS 

 FROM RNK&DEPVAR; 

 

 /*PREPARE DATASET FOR STABILITY OUTPUT*/ 

 CREATE TABLE UNIVARIATE3&DEPVAR 

 AS SELECT CL, _NAME_ AS TRAIT, LSMEAN, LSD,  

     SHUKLA_TEST AS SHUKLA, YS_TEST AS YS 

 FROM RNK&DEPVAR; 

QUIT;  

 

%MEND UNIVARIATE3; 

 

*COMMENT: DEFINE MACRO FOR LEVEL OF SIGNIFICANCE; 

*COMMENT: CONCETANATE CORRELATION VALUE W/ LEVEL OF SIGNIFICANCE; 

%MACRO LEVELOFSIG (TEST=); 

 &TEST.1= PUT(&TEST, 8.5); 

 IF  P&TEST LE 0.001 THEN &TEST.2=&TEST.1||LEFT("***"); 

 ELSE IF  P&TEST LE 0.01 THEN &TEST.2=&TEST.1||LEFT("**"); 

 ELSE IF  P&TEST LE 0.05 THEN &TEST.2=&TEST.1||LEFT("*"); 

 ELSE &TEST.2=&TEST.1; 

 DROP &TEST &TEST.1;  

 RENAME &TEST.2=&TEST; 

%MEND LEVELOFSIG; 

 

*COMMENT: DEFINE MACRO FOR EXPORTING OUTPUTS OR RESULTS (.XLSX); 

%MACRO OUPUTEXCEL (DATA=, NAME=); 

 PROC EXPORT DATA= &DATA  

 OUTFILE= "&IPATH\&NAME..xlsx"   

 DBMS=xlsx REPLACE; 

 SHEET="Sheet1"; 

 RUN; 

%MEND OUPUTEXCEL; 

 

*COMMENT: DEFINE MACRO FOR RENAMING GENOTYPE, ENVIRONMENT & LOCATION FOR 

GGEBIPLOT & AMMI ANALYSIS; 

%MACRO GENOTYPE; 

 %DO j=1 %TO &TOTAL_CL; 

 IF CUL = "&&CL&j" THEN GEN = "G&j"; 

 %END; 

%MEND GENOTYPE; 

 

%MACRO ENVIRONMENT; 

 %DO k=1 %TO &TOTAL_EN; 

 IF EN = "&&EN&k" THEN ENV = "ENV&k"; 

 %END; 

%MEND ENVIRONMENT; 

 

%MACRO LOCATION; 

 %DO l=1 %TO &TOTAL_LC; 

 IF LC = "&&LC&l" THEN LOC = "LOC&l"; 

 %END; 

%MEND LOCATION; 

 

*COMMENT: DEFINE MACRO FOR EXPORTING OUTPUTS OR RESULTS (.CSV);  

%MACRO OUPUTCSV (DATA=, NAME=);  

 PROC EXPORT DATA = &DATA  

 OUTFILE = "&IPATH\&NAME..CSV" 

 DBMS = CSV 

 REPLACE; 

 RUN; 

%MEND OUPUTCSV; 
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/**********************************/ 

 

*COMMENT: DEFINE MACRO TO IDENTIFY NUMBER AND DIFFERENT 

  TYPE OF DEPENDENT VARIABLES SO THAT STABILITY  

  ANALSYS CAN BE PERFROMED SIMULTANEOUSLY; 

PROC CONTENTS DATA=TEMPA1 OUT=START ORDER=VARNUM NOPRINT; RUN; 

 

PROC SQL NOPRINT; 

 CREATE TABLE START1  

 AS SELECT *  

 FROM START  

 WHERE NAME NOT IN ('YR', 'LC', 'RP', 'CL'); 

QUIT; 

 

DATA _NULL_; 

 SET START1 END=END_OF_DATASET; 

 CALL SYMPUT ('DEPVARX'||TRIM(LEFT(_N_)), NAME); /*MACRO FOR DEPENDENT 

VARIABLE*/ 

 IF END_OF_DATASET THEN CALL SYMPUT ('LAST_DEPVARIABLE', TRIM(LEFT(_N_)));   

RUN; 

%PUT &LAST_DEPVARIABLE = ; 

 

*COMMENT: DEFINING MACRO FOR SIMULTANEOUSLY ON DIFFERENT DEPENDENT VARIABLES; 

*COMMENT: MACRO STABILITY INVOKES ABOVE LISTED MACRO'S IN IT; 

%MACRO STABILITY (FINAL=&LAST_DEPVARIABLE); 

%DO i=1 %TO &FINAL; 

%LET DEPVAR = &&DEPVARX&i; 

 

*COMMENT: CL = GENOTYPE , LC = LOCATION, YR = YEAR, EN = ENVIRONMENT, RP = 

REPLICATION; 

*COMMENT: DEFINE ENVIRONMENT; 

*COMMENT: DATA QUALITY CHECK - REMOVE MISSING RECORDS; 

DATA TEMPA2;  

 SET TEMPA1; 

 EN=TRIM(LC)||'-'||TRIM(LEFT(YR)); /* ENV = LOC*YEAR */ 

 IF LC=' ' OR YR =. OR RP=. OR &DEPVAR = . THEN DELETE; 

RUN;  

 

*COMMENT: LIST OF UNIQUE CL EN LC RP; 

PROC SQL; 

 CREATE TABLE TEMP_CL 

 AS SELECT DISTINCT (CL) AS DISTINCT_CL FROM TEMPA2 ORDER BY CL; 

 

    CREATE TABLE TEMP_EN 

 AS SELECT DISTINCT (EN) AS DISTINCT_EN FROM TEMPA2 ORDER BY EN; 

 

    CREATE TABLE TEMP_LC 

 AS SELECT DISTINCT (LC) AS DISTINCT_LC FROM TEMPA2 ORDER BY LC; 

 

    CREATE TABLE TEMP_RP 

 AS SELECT DISTINCT (RP) AS DISTINCT_RP FROM TEMPA2 ORDER BY RP; 

QUIT; 

 

*COMMENT: MACRO FOR TOTAL # OF CL; 

DATA _NULL_; 

 SET TEMP_CL END=COUNT_CL;  

 IF COUNT_CL THEN CALL SYMPUT('TOTAL_CL', TRIM(LEFT(_N_)));  

RUN; 

 

*COMMENT: MACRO FOR TOTAL # OF EN; 

DATA _NULL_; 

 SET TEMP_EN END=COUNT_EN;  
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 IF COUNT_EN THEN CALL SYMPUT('TOTAL_EN', TRIM(LEFT(_N_))); 

RUN; 

 

*COMMENT: MACRO FOR TOTAL # OF LC; 

DATA _NULL_; 

 SET TEMP_LC END=COUNT_LC;  

 IF COUNT_LC THEN CALL SYMPUT('TOTAL_LC', TRIM(LEFT(_N_))); 

RUN; 

 

*COMMENT: MACRO FOR TOTAL # OF RP; 

DATA _NULL_; 

 SET TEMP_RP END=COUNT_RP;  

 IF COUNT_RP THEN CALL SYMPUT('TOTAL_RP', TRIM(LEFT(_N_))); 

RUN; 

 

*COMMENT: MEAN AND CV COMPUTATION; 

PROC SQL NOPRINT; 

 CREATE TABLE MEANCYLR AS /*OUTPUT USED FOR ANALYSIS*/ 

 SELECT YR, LC, RP, CL, EN, MEAN(&DEPVAR) AS MEAN&DEPVAR 

 FROM TEMPA2 

 GROUP BY CL, YR, LC, RP 

 ORDER BY CL, YR, LC, RP; 

 

 CREATE TABLE MEANCYL AS  

 SELECT YR, LC, CL, MEAN(&DEPVAR) AS MEAN&DEPVAR  

 FROM TEMPA2 

 GROUP BY CL, YR, LC 

 ORDER BY CL, YR, LC; 

 

 CREATE TABLE MEANCY AS  

 SELECT YR, CL, MEAN(&DEPVAR) AS MEAN&DEPVAR 

 FROM TEMPA2 

 GROUP BY CL, YR 

 ORDER BY CL, YR; 

 

 CREATE TABLE MEANCL AS  

 SELECT  LC, CL, MEAN(&DEPVAR) AS MEAN&DEPVAR 

 FROM TEMPA2 

 GROUP BY CL, LC 

 ORDER BY CL, LC;  

 

 CREATE TABLE CVCL AS  

 SELECT  LC, CL, CV(&DEPVAR) AS CV&DEPVAR 

 FROM TEMPA2 

 GROUP BY CL, LC 

 ORDER BY CL, LC; 

 

 CREATE TABLE MEANC AS /*OUTPUT -MEAN OF CUL*/ 

 SELECT CL, MEAN(&DEPVAR) AS MEAN&DEPVAR 

 FROM TEMPA2 

 GROUP BY CL 

 ORDER BY CL; 

 

 CREATE TABLE MEANL AS /*OUTPUT -MEAN OF LOC*/ 

 SELECT LC, MEAN(&DEPVAR) AS MEAN&DEPVAR 

 FROM TEMPA2 

 GROUP BY LC 

 ORDER BY LC; 

 

 CREATE TABLE MEANLY AS /*OUTPUT -MEAN OF LOC OVER YEAR*/  

 SELECT YR, LC, MEAN(&DEPVAR) AS MEAN&DEPVAR 

 FROM TEMPA2 

 GROUP BY LC, YR 
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 ORDER BY LC, YR; 

 

 CREATE TABLE MEANCE AS  

 SELECT CL, EN, MEAN(&DEPVAR) AS MEAN&DEPVAR 

 FROM TEMPA2 

 GROUP BY CL, EN 

 ORDER BY CL, EN; 

 

 CREATE TABLE MEANCER AS /*OUTPUT USED FOR AMMI (GEN X ENV) ANALYSIS IN 

R*/  

 SELECT CL, EN, RP, MEAN(&DEPVAR) AS MEAN&DEPVAR 

 FROM TEMPA2 

 GROUP BY CL, EN, RP 

 ORDER BY CL, EN, RP; 

 

 CREATE TABLE MEANCLR AS /*OUTPUT USED FOR AMMI (GEN X LOC) ANALYSIS IN 

R*/  

 SELECT CL, LC, RP, MEAN(&DEPVAR) AS MEAN&DEPVAR 

 FROM TEMPA2 

 GROUP BY CL, LC, RP 

 ORDER BY CL, LC, RP; 

 

QUIT; 

 

PROC TRANSPOSE DATA=MEANCE  OUT=DSTGGEBIPLOT (RENAME=(_NAME_ = TRAIT)); 

/*OUTPUT- MEAN CUL OVER ENV*/   

 BY CL; 

 ID EN; 

 VAR MEAN&DEPVAR; 

RUN; 

 

PROC TRANSPOSE DATA=MEANLY  OUT=MEAN_LCYR (RENAME=(_NAME_ = TRAIT))PREFIX = 

YR_; /*OUTPUT- MEAN LOC OVER YEAR*/   

 BY LC; 

 ID YR; 

 VAR MEAN&DEPVAR; 

RUN; 

 

PROC TRANSPOSE DATA=MEANCY  OUT=MEAN_CLYR (RENAME=(_NAME_ = TRAIT))PREFIX = 

YR_; /*OUTPUT- MEAN CUL OVER REP*/   

 BY CL; 

 ID YR; 

 VAR MEAN&DEPVAR; 

RUN; 

 

PROC TRANSPOSE DATA=MEANCL  OUT=MEAN_CLLC (RENAME=(_NAME_ = TRAIT)); /*OUTPUT- 

MEAN CUL OVER LOC*/   

 BY CL; 

 ID LC; 

 VAR MEAN&DEPVAR; 

RUN; 

 

PROC TRANSPOSE DATA=CVCL  OUT=CV_CLLC (RENAME=(_NAME_ = TRAIT)); /*OUTPUT- 

COEFF OF VAR (CV) CUL OVER LOC*/   

 BY CL; 

 ID LC; 

 VAR CV&DEPVAR; 

RUN; 

 

*COMMENT: COMPUTE OVERALL ANOVA; 

*COMMENT: ALL FACTORS (CL LC YR RP) ARE CONSIDERED AS RANDOM; 

PROC GLM  

 DATA= TEMPA2 OUTSTAT=TEMP_ANOVA_A1 PLOTS=NONE; 
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 CLASS CL LC RP EN  YR ; 

 MODEL &DEPVAR = LC YR LC*YR  RP(LC*YR) CL CL*LC CL*YR CL*LC*YR; 

 RANDOM   LC YR LC*YR  RP(LC*YR) CL*LC CL*YR CL*LC*YR/TEST; 

 ODS OUTPUT  

  OVERALLANOVA=TEMP_ANOVA_A2  

  FITSTATISTICS=TEMP_ANOVA_A3 

  RANDOMMODELANOVA = TEMP_ANOVA_A4 

  EXPECTEDMEANSQUARES = TEMP_ANOVA_A5; 

RUN; 

 

PROC SQL NOPRINT; 

 CREATE TABLE OVERALL_ANOVA1_&DEPVAR AS SELECT * FROM TEMP_ANOVA_A4  

 WHERE SOURCE IN ("LC", "YR", "LC*YR", "RP(LC*YR)", "CL", "CL*LC", 

"CL*YR", "CL*LC*YR", "Error: MS(Error)");  

QUIT;  

 

*COMMENT:ANOVA ACROSS YEARS; 

PROC SORT DATA=TEMPA2; BY YR; RUN; 

 

*ODS TRACE ON/LISTING; 

PROC GLM DATA= TEMPA2 OUTSTAT=TEMP_ANOVA_Y1 PLOTS=NONE; 

 BY YR; 

 CLASS CL RP LC; 

 MODEL &DEPVAR = CL LC  CL*LC RP(LC) ; /*MKMGHA MKTHHA ERPC PRCCW KGPF HH 

BRX LYC*/ 

 RANDOM CL LC  CL*LC RP(LC)/TEST; 

 ODS OUTPUT  

   OVERALLANOVA = TEMP_ANOVA_Y2  

   FITSTATISTICS=TEMP_ANOVA_Y3 

   RANDOMMODELANOVA = TEMP_ANOVA_Y4 

   EXPECTEDMEANSQUARES = TEMP_ANOVA_Y5;  

RUN; 

*ODS TRACE OFF; 

 

*COMMENT: PREPARE OUTPUT FOR ANOVA ACROSS YEARS; 

PROC SQL NOPRINT; 

 CREATE TABLE YEAR_ANOVA1_&DEPVAR AS SELECT * FROM TEMP_ANOVA_Y4  

 WHERE SOURCE IN ("CL", "LC",  "CL*LC", "RP(LC)", "Error: MS(Error)");  

QUIT;  

 

*COMMENT: F-TEST OF OVERALL GENOTYPE PERFORMANCE IN EACH LOCATION; 

PROC SORT DATA=TEMPA2; BY LC; RUN; 

*ODS TRACE ON/LISTING; 

PROC GLM DATA= TEMPA2 OUTSTAT=TEMP_ANOVA_L1 PLOTS=NONE; 

 BY LC; 

 CLASS CL RP YR; 

 MODEL &DEPVAR = CL YR CL*YR RP(YR) ;  

 RANDOM CL YR CL*YR RP(YR)/TEST; 

 ODS OUTPUT  

   OVERALLANOVA = TEMP_ANOVA_L2  

   FITSTATISTICS=TEMP_ANOVA_L3 

   RANDOMMODELANOVA = TEMP_ANOVA_L4 

   EXPECTEDMEANSQUARES = TEMP_ANOVA_L5;  

RUN; 

*ODS TRACE OFF; 

 

PROC SQL NOPRINT; 

 CREATE TABLE FTEST_&DEPVAR AS 

 SELECT LC, DEPENDENT, FVALUE FROM TEMP_ANOVA_L4  

 WHERE SOURCE = "CL"; 

QUIT; 

 

*COMMENT: STANDARD DEVIATION (SD) OF LOCATION; 
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PROC SQL NOPRINT; 

 CREATE TABLE SD_LOCATION_&DEPVAR  

 AS SELECT LC, STD (&DEPVAR) AS SD&DEPVAR 

 FROM TEMPA2 

 GROUP BY LC; 

QUIT; 

 

*COMMENT: CORRELATION BETWEEN AVERAGE LOCATION VS. INDIVIDUAL LOCATION 

PERFORMANCE ACROSS ALL GENOTYPES; 

PROC SQL NOPRINT; 

 CREATE TABLE LOC_MEAN 

  AS SELECT LC,YR, RP, MEAN(&DEPVAR)AS &DEPVAR._LM  

  FROM TEMPA2 GROUP BY LC, YR, RP; 

 CREATE TABLE LOC_GRANDM 

  AS SELECT YR, MEAN(&DEPVAR)AS &DEPVAR._GLM 

     FROM TEMPA2 GROUP BY YR; 

QUIT;  

 

 DATA LOC_MEAN1; 

  SET LOC_MEAN; 

 TRAIT = "&DEPVAR"; 

 DROP RP;  

 RUN; 

 DATA LOC_GRANDM1; 

  SET LOC_GRANDM; 

 TRAIT = "&DEPVAR"; 

 RUN; 

 

 PROC SQL NOPRINT; 

 CREATE TABLE LOC_MEAN2 

 AS SELECT A.*, B.&DEPVAR._GLM  

 FROM LOC_MEAN1 AS A 

 LEFT JOIN LOC_GRANDM1 AS B ON A.TRAIT=B.TRAIT AND A.YR = B.YR 

 ORDER BY LC; 

 QUIT; 

 

*ODS TRACE ON/LISTING; 

PROC CORR DATA = LOC_MEAN2 OUTP = CORRLC1; 

 BY LC;  

 VAR &DEPVAR._LM &DEPVAR._GLM; 

 ODS OUTPUT PEARSONCORR = CORRLC2; 

RUN; 

*ODS TRACE OFF; 

 

DATA CORRLC_&DEPVAR (RENAME=(TEST2 = CORRELATION)); 

 SET CORRLC2 (WHERE =(VARIABLE = "&DEPVAR._LM")); 

 TRAIT = "&DEPVAR"; 

 TEST= PUT(&DEPVAR._GLM, 8.5); 

    IF  P&DEPVAR._GLM LE 0.001 THEN 

TEST2=TEST||TRIM(LEFT("***")); 

  ELSE IF  P&DEPVAR._GLM LE 0.01 THEN TEST2=TEST||TRIM(LEFT("**")); 

  ELSE IF  P&DEPVAR._GLM LE 0.05 THEN TEST2=TEST||TRIM(LEFT("*")); 

  ELSE TEST2=TEST; 

 KEEP LC TRAIT TEST2; 

RUN; 

 

*MERGE LOCATION MEAN, F-RATIO, CORRELATION, STANDARD DEVIATION; 

 PROC SQL NOPRINT; 

 CREATE TABLE LOCATION_VALUE_&DEPVAR  

 AS SELECT A.LC AS LOCATION,  

     A.TRAIT,  

     B.MEAN&DEPVAR AS MEAN,  

     C.FVALUE AS F_RATIO,  
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     D.SD&DEPVAR AS STD_DEV,  

     A.CORRELATION  

 FROM CORRLC_&DEPVAR AS A 

   INNER JOIN MEANL AS B ON A.LC=B.LC 

   INNER JOIN FTEST_&DEPVAR AS C ON B.LC=C.LC 

   INNER JOIN SD_LOCATION_&DEPVAR AS D ON C.LC=D.LC; 

 QUIT; 

 

*CLUSTER ANALYSIS OF LOCATIONS; 

PROC MEANS DATA=TEMPA2 NWAY NOPRINT; 

 CLASS LC; 

 VAR &DEPVAR; 

 OUTPUT OUT=DSTCLUSTER MEAN =; 

RUN; 

 

ODS PDF FILE = "&IPATH\LOCTREE_&DEPVAR..PDF"; 

PROC CLUSTER DATA=DSTCLUSTER METHOD=WARD OUTTREE=LOCTREE  

 PLOTS=(DENDOGRAM(VERTICAL HEIGHT=RSQ)); 

 VAR &DEPVAR; 

 ID LC; 

RUN;  

ODS PDF CLOSE; 

 

 

*COMMENT: INVOKE MACRO FOR SLOPE AND DEVIATION FROM REG; 

*COMMENT: DEVIATION FROM REG = PREDICTED - ACTUAL; 

*COMMENT: SLOPE IS TESTED FOR SIG DIFFERENCE W/ ONE ; 

*COMMENT: DEV FROM REG TESTED FOR SIG DIFFERENCE FROM ZERO; 

%UNIVARIATE1; 

 

*COMMENT: INVOKE MACRO FOR WRICKES ECOVALENCE, SHUKLAS SIGMA,  

    PERKINS AND JINKS BETA, LIN AND BINNS PI, FRANCIS & KENNENBERG 

CV; 

*COMMENT: COMPUTE WRICKES (1962) ECOVALENCE; 

*COMMENT: COMPUTE PERKINS AND JINKS (1968) SLOPE ; 

*COMMENT: COMPUTE SHUKLAS (1972) SIGMA; 

*COMMENT: COMPUTE LOCATION*YEAR VARIANCE (Pi)-LIN AND BINNS (1988); 

*COMMENT: COMPUTE GENOTYPES COEFFICIENT OF VARIATION-FRANCIS & KENNENBERG 

(1968); 

*COMMENT: COMPUTE REGRESSION OF GEN ON ENV MEANS-USING METHOD OF PERKINS AND 

JINKS;  

%UNIVARIATE2; 

 

*COMMENT: INVOKE MACRO FOR TRAIT LS MEANS, LSD, KANGS (1995) STABILITY 

PARAMETER-YS (MEKIB, 2003) ; 

*COMMENT: STABILITY PARAMETER 'YS' IS CALCULATED BASED ON SHUKLA AND TRAIT 

MEAN; 

*COMMENT: STABILITY PARAMTER 'YS' IS CALCULATED AS PROCEDURE LISTED BY MEKIB, 

F. EUPHYTICA, 2003; 

%UNIVARIATE3; 

 

 

*COMMENT: MERGE STABLITY RESULTS; 

PROC SQL NOPRINT; 

 CREATE TABLE STABLE&DEPVAR /*FINAL OUTPUT OF GENOTYPE STABILITY 

PARAMETERS*/  

 AS SELECT A.CL, A.TRAIT, C.LSMEAN, C.LSD, A.SLOPE, A.DEVREG, 

     B.BETA_PERKINS_AND_JINKS, C.SHUKLA, B.ECOVALENCE, 

     B.PI, B.CVI, C.YS 

 FROM UNIVARIATE1&DEPVAR AS A  

 INNER JOIN UNIVARIATE2&DEPVAR AS B ON A.CL=B.CL 

 INNER JOIN UNIVARIATE3&DEPVAR AS C ON B.CL=C.CL; 

QUIT; 



18 
 

 

 

*COMMENT: RANK GENOTYPES AND COMPUTE SPEARMAN RANK CORRELATION; 

*COMMENT: GENOTYPE RANKING BASED ON MEAN YIELD, SLOPE, DEV FROM REG , SHUKLA, 

AND YS AND SPEARMAN CORRELATION; 

*COMMENT: SLOPE AND BETA ARE RANKED ASCENDING AND DESCENDING WHEN VALUE > 0 AND 

< 0, RESPECTIVELY; 

PROC SQL NOPRINT; 

 CREATE TABLE TEMP_RANK1 

 AS SELECT A.CL, C.LSMEAN, A.SLOPE, A.DEVREG, 

     B.BETA_PERKINS_AND_JINKS, B.SHUKLA, B.ECOVALENCE, 

     B.PI, B.CVI, C.YS 

 FROM STABLE1&DEPVAR AS A  

 INNER JOIN STABLE2&DEPVAR AS B ON A.CL=B.CL 

 INNER JOIN STABLE3&DEPVAR AS C ON B.CL=C.CL 

 ORDER BY CL;  

 

 CREATE TABLE TEMP_RANK2 

 AS SELECT CL, SLOPE 

 FROM TEMP_RANK1 WHERE SLOPE GE 0 ORDER BY SLOPE; 

 

 CREATE TABLE TEMP_RANK3 

 AS SELECT CL, SLOPE 

 FROM TEMP_RANK1 WHERE SLOPE LT 0 ORDER BY SLOPE DESC; 

 

 CREATE TABLE TEMP_RANK4 

 AS SELECT CL, BETA_PERKINS_AND_JINKS 

 FROM TEMP_RANK1 WHERE BETA_PERKINS_AND_JINKS GE 0 ORDER BY 

BETA_PERKINS_AND_JINKS; 

 

 CREATE TABLE TEMP_RANK5 

 AS SELECT CL, BETA_PERKINS_AND_JINKS 

 FROM TEMP_RANK1 WHERE BETA_PERKINS_AND_JINKS LT 0 ORDER BY 

BETA_PERKINS_AND_JINKS DESC; 

QUIT; 

 

DATA TEMP_RANK6; 

 SET TEMP_RANK2 TEMP_RANK3; 

 RNK_SLOPE = _N_; 

RUN; 

 

DATA TEMP_RANK7;  

 SET TEMP_RANK4 TEMP_RANK5; 

 RNK_BETA_PERKINS_AND_JINKS = _N_; 

RUN; 

 

PROC SQL NOPRINT;  

 CREATE TABLE TEMP_RANK8 

 AS SELECT A.CL, A.RNK_SLOPE, B.RNK_BETA_PERKINS_AND_JINKS 

 FROM TEMP_RANK6 AS A 

 INNER JOIN TEMP_RANK7 AS B ON A.CL=B.CL 

 ORDER BY A.CL; 

QUIT; 

 

PROC RANK DATA = TEMP_RANK1 OUT=RANK1&DEPVAR;  

 VAR LSMEAN SHUKLA ECOVALENCE YS DEVREG PI CVI; 

 RANKS RNK_LSMEAN RNK_SHUKLA RNK_ECOVALENCE RNK_YS RNK_DEVREG RNK_PI 

RNK_CVI; 

RUN; 

 

DATA RANK2&DEPVAR;  

 SET RANK1&DEPVAR (KEEP = CL RNK_SHUKLA RNK_ECOVALENCE RNK_DEVREG RNK_PI 

RNK_CVI); 
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 RNK1_SHUKLA = &TOTAL_CL - RNK_SHUKLA +1; 

    RNK1_ECOVALENCE = &TOTAL_CL - RNK_ECOVALENCE+1; 

    RNK1_DEVREG = &TOTAL_CL - RNK_DEVREG+1; 

 RNK1_PI = &TOTAL_CL - RNK_PI+1; 

 RNK1_CVI = &TOTAL_CL - RNK_CVI+1; 

 DROP RNK_SHUKLA RNK_ECOVALENCE RNK_DEVREG RNK_PI RNK_CVI; 

 RENAME  

  RNK1_SHUKLA = RNK_SHUKLA  

     RNK1_ECOVALENCE = RNK_ECOVALENCE 

     RNK1_DEVREG = RNK_DEVREG 

  RNK1_PI = RNK_PI 

  RNK1_CVI = RNK_CVI; 

RUN; 

 

PROC SQL NOPRINT; /*OUTPUT FOR RANKS*/ 

 CREATE TABLE RANK3&DEPVAR 

 AS SELECT A.CL,  

     B.RNK_LSMEAN AS MEAN,  

     A.RNK_SLOPE AS SLOPE_REG,  

     A.RNK_BETA_PERKINS_AND_JINKS AS BETA_PERKINS_JINKS,  

     C.RNK_SHUKLA AS SHUKLA,  

     C.RNK_ECOVALENCE AS ECOVALENCE_WRICKE,  

     C.RNK_DEVREG AS DEVIATION_REG, 

     C.RNK_PI AS LIN_BINNS_PI,  

     C.RNK_CVI AS CV,  

     B.RNK_YS AS KANG_YS 

 FROM TEMP_RANK8 AS A   

 INNER JOIN RANK1&DEPVAR AS B ON A.CL=B.CL 

 INNER JOIN RANK2&DEPVAR AS C ON B.CL=C.CL 

 ORDER BY CL;  

QUIT; 

  

PROC CORR DATA = RANK3&DEPVAR OUTS=CORRSPEAR1&DEPVAR; 

 VAR MEAN SLOPE_REG BETA_PERKINS_JINKS SHUKLA  

  ECOVALENCE_WRICKE DEVIATION_REG KANG_YS LIN_BINNS_PI CV; 

 ODS OUTPUT SPEARMANCORR = CORRSPEAR2&DEPVAR; 

RUN; 

 

PROC SQL NOPRINT;  

 CREATE TABLE CORRSPEAR&DEPVAR /*OUTPUT FOR RANK CORRELATION*/ 

 AS SELECT _NAME_ AS STABILITY_METHOD, MEAN, SLOPE_REG,  

      BETA_PERKINS_JINKS, SHUKLA,  

         ECOVALENCE_WRICKE, DEVIATION_REG, KANG_YS, 

      LIN_BINNS_PI, CV  

    FROM CORRSPEAR1&DEPVAR WHERE _NAME_ NE ''; 

QUIT; 

 

DATA CORRSPEAR3&DEPVAR; /*OUTPUT FOR RANK CORRELATION W/ LEVEL OF SIG*/ 

 RETAIN VARIABLE MEAN SLOPE_REG DEVIATION_REG BETA_PERKINS_JINKS  

     SHUKLA ECOVALENCE_WRICKE LIN_BINNS_PI CV KANG_YS  

     PMEAN PSLOPE_REG PDEVIATION_REG PBETA_PERKINS_JINKS  

     PSHUKLA PECOVALENCE_WRICKE PLIN_BINNS_PI PCV PKANG_YS; 

 SET CORRSPEAR2&DEPVAR; 

 /*COMMENT: INVOKE MACRO FOR LEVEL OF SIGNIFICANCE;*/ 

    /*COMMENT: USED FOR CONCETANATING CORR VALUE W/ LEVEL OF SIGNIFICANCE;*/ 

 %LEVELOFSIG (TEST=MEAN); 

 %LEVELOFSIG (TEST=SLOPE_REG); 

 %LEVELOFSIG (TEST=DEVIATION_REG); 

 %LEVELOFSIG (TEST=BETA_PERKINS_JINKS); 

 %LEVELOFSIG (TEST=SHUKLA); 

 %LEVELOFSIG (TEST=ECOVALENCE_WRICKE); 

 %LEVELOFSIG (TEST=LIN_BINNS_PI); 

 %LEVELOFSIG (TEST=CV); 
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 %LEVELOFSIG (TEST=KANG_YS); 

RUN; 

 

*COMMENT: INVOKING MACRO FOR EXPORTING OUTPUT/RESULTS (.XLSX); 

%OUPUTEXCEL (DATA= MEANCYLR, NAME=M_&DEPVAR._CYLR); /*OUTPUT – TRAIT MEAN OVER 

CUL, YR, LC AND REP*/ 

%OUPUTEXCEL (DATA=MEANCYL, NAME=M_&DEPVAR._CYL); /*OUTPUT -MEAN OF CUL OVER 

YEAR AND LOC*/ 

%OUPUTEXCEL (DATA=MEANC, NAME=M_&DEPVAR._C); /*OUTPUT -MEAN OF CUL*/ 

%OUPUTEXCEL (DATA=MEANL, NAME=M_&DEPVAR._L); /*OUTPUT -MEAN OF LOC*/ 

%OUPUTEXCEL (DATA=MEANCER, NAME=M_&DEPVAR._CER); /*OUTPUT -MEAN OF CUL OVER ENV 

AND REP*/ 

%OUPUTEXCEL (DATA=MEANCLR, NAME=M_&DEPVAR._CLR); /*OUTPUT -MEAN OF CUL OVER LOC 

AND REP*/ 

%OUPUTEXCEL (DATA=DSTGGEBIPLOT, NAME=M_&DEPVAR._CE); /*OUTPUT -MEAN OF CUL OVER 

ENV*/ 

%OUPUTEXCEL (DATA= MEAN_LCYR, NAME= M_&DEPVAR._LY ); /*OUTPUT -MEAN LOC OVER 

YEAR*/ 

%OUPUTEXCEL (DATA=MEAN_CLYR, NAME=M_&DEPVAR._CY); /*OUTPUT -MEAN CUL OVER REP*/ 

%OUPUTEXCEL (DATA=MEAN_CLLC , NAME=M_&DEPVAR._CL ); /*OUTPUT -MEAN CUL OVER 

REP*/ 

%OUPUTEXCEL (DATA=CV_CLLC , NAME=CV_&DEPVAR._CL ); /*OUTPUT -COEFF OF VAR CUL 

OVER REP*/ 

%OUPUTEXCEL (DATA=OVERALL_ANOVA1_&DEPVAR, NAME=OVERALL_ANOVA_&DEPVAR); /*OUTPUT 

-ANOVA USING GLM*/ 

%OUPUTEXCEL (DATA=YEAR_ANOVA1_&DEPVAR, NAME= YEAR_ANOVA_&DEPVAR); /*OUTPUT -

YEARLY ANOVA USING GLM*/ 

%OUPUTEXCEL (DATA=LOCATION_VALUE_&DEPVAR, NAME= LOCATION_VALUE_&DEPVAR); 

/*OUTPUT -LOCATION VALUES*/ 

%OUPUTEXCEL (DATA=STABLE&DEPVAR, NAME=STAB_&DEPVAR); /*OUTPUT -STABILITY 

METHODS*/ 

%OUPUTEXCEL (DATA=CORRSPEAR3&DEPVAR, NAME=SPEAR_&DEPVAR); /*OUTPUT -RANK 

CORRELATION W/ LEVEL OF SIG.*/ 

 

 *COMMENT: COMPUTING INPUT FILES FOR GGEBIPLOT ANALYSIS IN R SOFTWARE; 

 DATA _NULL_; 

  SET TEMP_CL; 

  CUL = '_'||LEFT(DISTINCT_CL); 

  CALL SYMPUT ('CL'||TRIM(LEFT(_N_)), CUL); /*MACRO FOR CL NAME*/ 

 RUN; 

 

 DATA _NULL_; 

  SET TEMP_EN; 

  CALL SYMPUT ('EN'||TRIM(LEFT(_N_)), DISTINCT_EN); /*MACRO FOR EN 

NAME*/ 

 RUN; 

 

 DATA _NULL_; 

  SET TEMP_LC; 

  CALL SYMPUT ('LC'||TRIM(LEFT(_N_)), DISTINCT_LC); /*MACRO FOR LC 

NAME*/ 

 RUN; 

 

 DATA DSTGGEBIPLOT1; 

  LENGTH GEN ENV $6.; 

  SET MEANCE; 

  CUL = '_'||LEFT(CL); 

  /*COMMENT: INVOKING MACRO FOR RENAMING GENOTYPE AND ENVIRONMENT 

FOR GGEBIPLOT ANALYSIS*/ 

  %GENOTYPE; 

  %ENVIRONMENT; 

 RUN; 

 



21 
 

 PROC SORT DATA =DSTGGEBIPLOT1;  

  BY GEN;  

 RUN; 

 

 PROC TRANSPOSE DATA=DSTGGEBIPLOT1  OUT=GGEBIPLOT2&DEPVAR (DROP=_NAME_);   

  BY GEN; /*OUTPUT- READY TO GO INPUT FILES FOR GGEBIPLOT ANALYSIS 

USING R SOFTWARE*/  

  ID ENV; 

  VAR MEAN&DEPVAR; 

 RUN; 

 

 DATA GGEBIPLOTCXL; 

  LENGTH GEN $6.; 

  SET MEANCL; 

  CUL = '_'||LEFT(CL); 

  /*COMMENT: INVOKING MACRO FOR RENAMING GENOTYPE AND ENVIRONMENT 

FOR GGEBIPLOT ANALYSIS*/ 

  %GENOTYPE; 

 RUN; 

 

 PROC SORT DATA =GGEBIPLOTCXL;  

  BY GEN;  

 RUN; 

 

 PROC TRANSPOSE DATA=GGEBIPLOTCXL  OUT=GGEBIPLOTCXL&DEPVAR (DROP=_NAME_);   

  BY GEN; /*OUTPUT- READY TO GO INPUT FILES FOR GGEBIPLOT ANALYSIS 

USING R SOFTWARE*/  

  ID LC; 

  VAR MEAN&DEPVAR; 

 RUN; 

 

 *COMMENT: COMPUTE INPUT FILES FOR AMMI ANALYSIS IN R SOFTWARE; 

 DATA AMMI1&DEPVAR; /*OUTPUT- READY TO GO INPUT FILES FOR AMMI (GEN x ENV) 

ANALYSIS USING R SOFTWARE*/  

  RETAIN ENV GEN RP MEAN&DEPVAR; 

  LENGTH GEN ENV $6.; 

  SET MEANCER; 

  CUL = '_'||LEFT(CL); 

  /*COMMENT: INVOKE MACRO FOR RENAMING GENOTYPE AND ENVIRONMENT FOR 

AMMI ANALYSIS*/ 

  %GENOTYPE; 

  %ENVIRONMENT; 

  DROP  CL CUL EN; 

  RENAME ENV=Locality GEN=Genotype RP=Rep MEAN&DEPVAR = &DEPVAR; 

 RUN; 

 

 DATA AMMI2&DEPVAR; /*OUTPUT- READY TO GO INPUT FILES FOR AMMI (GEN x LOC) 

ANALYSIS USING R SOFTWARE*/  

  RETAIN LOC GEN RP MEAN&DEPVAR; 

  LENGTH GEN LOC $6.; 

  SET MEANCLR; 

  CUL = '_'||LEFT(CL); 

  /*COMMENT: INVOKE MACRO FOR RENAMING GENOTYPE AND LOCATION FOR 

AMMI ANALYSIS*/ 

  %GENOTYPE; 

  %LOCATION; 

  DROP  CL CUL LC; 

  RENAME LOC=Locality GEN=Genotype RP=Rep MEAN&DEPVAR = &DEPVAR; 

 RUN; 

 

*COMMENT: LEGEND FOR GENOTYPE, ENVIRONMENT & LOCATION SIGN USED IN AMMI AND 

GGEBIPLOT ANALYSIS; 

 PROC SQL NOPRINT; 



22 
 

  CREATE TABLE LEGEND_GENO&DEPVAR AS SELECT DISTINCT GEN, CUL FROM 

DSTGGEBIPLOT1 ORDER BY GEN; 

  CREATE TABLE LEGEND_ENV&DEPVAR AS SELECT DISTINCT ENV, EN FROM 

DSTGGEBIPLOT1 ORDER BY ENV; 

 QUIT; 

 

 DATA LEGEND_LOC&DEPVAR; 

  LENGTH LOC $6.; 

  SET TEMP_LC (RENAME=(DISTINCT_LC = LC)); 

  %LOCATION; 

 RUN; 

 

*COMMENT: INVOKE MACRO FOR EXPORTING OUTPUT/RESULTS (.XLSX); 

 %OUPUTEXCEL (DATA=LEGEND_GENO&DEPVAR, NAME=GEN_LEGEND_&DEPVAR); /*OUTPUT 

-GENOTYPE LEGEND*/ 

 %OUPUTEXCEL (DATA=LEGEND_ENV&DEPVAR, NAME=ENV_LEGEND_&DEPVAR); /*OUTPUT -

ENVIRONMENT LEGEND*/ 

 %OUPUTEXCEL (DATA=LEGEND_LOC&DEPVAR, NAME=LOC_LEGEND_&DEPVAR); /*OUTPUT -

LOCATION LEGEND*/ 

 

*COMMENT: INVOKE MACRO FOR EXPORTING OUTPUT/RESULTS (.CSV); 

%OUPUTCSV (DATA=GGEBIPLOT2&DEPVAR, NAME=BIPLOT_&DEPVAR); /*OUTPUT USED FOR 

GGEBIPLOT (GEN x ENV) ANALYSIS IN R SOFTWARE*/ 

%OUPUTCSV (DATA=GGEBIPLOTCXL&DEPVAR, NAME=BIPLOT2_&DEPVAR); /*OUTPUT USED FOR 

GGEBIPLOT (GEN X LOC) ANALYSIS IN R SOFTWARE*/ 

%OUPUTCSV (DATA=AMMI1&DEPVAR, NAME=AMMI1_&DEPVAR); /*OUTPUT USED FOR AMMI (GEN 

X ENV) ANALYSIS IN R SOFTWARE*/ 

%OUPUTCSV (DATA=AMMI2&DEPVAR, NAME=AMMI2_&DEPVAR); /*OUTPUT USED FOR AMMI (GEN 

X LOC) ANALYSIS IN R SOFTWARE*/ 

 

%END; 

%MEND STABILITY; 

 

*COMMENT: INVOKE MACRO FOR GENOTYPE X ENVIRONMENTAL INTERACTION OF ALL 

DEPENDENT VARIABLES SIMULTANEOUSLY; 

%STABILITY (FINAL=&LAST_DEPVARIABLE);  

Run; 

 

 

Example data used in SASGxE program 
 

YR LC RP CL MKWT1 CLWT1 MKWT2 CLWT2 MKWT3 CLWT3 MKWT4 CLWT4 

2009 KN 1 8 0 0 79 0 27 0 20 0 

2009 KN 1 10 0 0 136 13 10 0 19 3 

2009 KN 1 3 0 0 72 0 31 0 16 0 

2009 KN 1 5 31 0 60 0 12 15 8 4 

2009 KN 1 7 0 0 69 7 22 0 18 0 

2009 KN 1 4 0 0 138 0 18 0 0 0 

2009 KN 1 9 0 0 121 0 17 0 0 0 

2009 KN 1 2 62 0 70 0 19 0 29 0 

2009 KN 1 6 0 0 116 0 66 0 0 0 

2009 KN 1 1 0 0 37 0 19 0 39 0 

2009 KN 2 3 27 0 83 0 50 0 21 4 

2009 KN 2 10 0 0 54 22 62 16 4 6 

2009 KN 2 8 0 0 59 10 95 0 17 0 
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2009 KN 2 9 4 0 13 0 18 8 15 0 

2009 KN 2 2 0 10 171 0 26 0 0 28 

2009 KN 2 4 5 0 5 124 0 4 11 6 

2009 KN 2 7 42 10 27 0 0 0 11 0 

2009 KN 2 1 0 0 118 11 13 0 15 5 

2009 KN 2 5 38 0 62 0 66 0 16 0 

2009 KN 2 6 0 0 138 0 18 0 0 0 

2009 CI 1 7 47 7 55 0 84 0 0 0 

2009 CI 1 3 72 0 17 7 9 5 0 0 

2009 CI 1 1 54 0 87 0 20 0 0 0 

2009 CI 1 4 33 0 60 0 0 0 0 0 

2009 CI 1 6 99 0 28 6 0 0 0 0 

2009 CI 1 10 122 0 11 6 0 0 0 0 

2009 CI 1 5 62 0 108 0 0 0 0 0 

2009 CI 1 8 0 0 0 0 0 0 0 0 

2009 CI 1 9 106 41 21 0 0 0 0 0 

2009 CI 1 2 57 0 36 12 22 15 0 0 

2009 CI 2 3 0 0 68 0 141 11 0 0 

2009 CI 2 10 32 0 143 5 25 7 0 0 

2009 CI 2 8 80 0 46 0 0 9 0 0 

2009 CI 2 9 76 0 33 0 0 0 0 0 

2009 CI 2 2 34 5 97 0 0 0 0 0 

2009 CI 2 4 31 0 104 0 12 8 0 0 

2009 CI 2 7 42 0 69 0 21 9 0 0 

2009 CI 2 1 29 0 75 3 8 0 0 0 

2009 CI 2 5 43 0 62 45 5 0 0 0 

2009 CI 2 6 119 0 28 0 29 12 0 0 

2009 SC 1 9 108 0 208 0 157 0 0 0 

2009 SC 1 1 91 0 85 0 120 0 0 0 

2009 SC 1 3 147 0 0 0 0 0 0 0 

2009 SC 1 8 165 0 154 0 124 0 0 0 

2009 SC 1 6 25 0 131 0 46 0 0 0 

2009 SC 1 10 160 0 51 0 0 0 0 0 

2009 SC 1 4 91 0 101 0 20 0 0 0 

2009 SC 1 2 78 0 155 0 60 0 0 0 

2009 SC 1 7 108 0 97 0 0 0 0 0 

2009 SC 1 5 44 0 169 0 54 0 0 0 

2009 SC 2 7 0 0 111 0 43 0 0 0 

2009 SC 2 5 119 0 151 0 0 0 0 0 

2009 SC 2 6 37 0 115 0 82 0 0 0 

2009 SC 2 8 128 0 57 0 26 0 0 0 
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2009 SC 2 1 66 0 129 0 24 0 0 0 

2009 SC 2 4 26 0 82 0 105 0 0 0 

2009 SC 2 10 59 0 107 0 54 0 0 0 

2009 SC 2 9 60 0 42 0 0 0 0 0 

2009 SC 2 2 70 0 120 0 62 0 0 0 

2009 SC 2 3 97 0 105 0 18 0 0 0 

2009 GA 1 7 0 0 144 11 0 0 0 0 

2009 GA 1 4 0 0 202 0 0 0 0 0 

2009 GA 1 1 0 0 117 0 0 0 0 0 

2009 GA 1 9 14 0 105 0 0 0 0 0 

2009 GA 1 2 51 0 94 0 0 0 0 0 

2009 GA 1 10 113 0 33 0 0 0 0 0 

2009 GA 1 5 37 0 62 0 0 0 0 0 

2009 GA 1 6 28 0 75 0 0 0 0 0 

2009 GA 1 3 36 0 159 27 0 0 0 0 

2009 GA 1 8 0 0 253 0 0 0 0 0 

2009 GA 2 9 29 0 195 0 0 0 0 0 

2009 GA 2 1 40 0 262 0 0 0 0 0 

2009 GA 2 7 47 0 187 0 0 0 0 0 

2009 GA 2 10 54 0 96 0 0 0 0 0 

2009 GA 2 3 76 0 88 0 0 0 0 0 

2009 GA 2 4 60 0 151 11 0 0 0 0 

2009 GA 2 6 32 0 135 0 0 0 0 0 

2009 GA 2 8 83 0 116 0 0 0 0 0 

2009 GA 2 2 58 0 277 0 0 0 0 0 

2009 GA 2 5 21 0 96 0 0 0 0 0 

2009 FL 1 8 47 7 55 0 84 0 0 0 

2009 FL 1 10 72 0 17 7 9 5 0 0 

2009 FL 1 3 54 0 87 0 20 0 0 0 

2009 FL 1 5 33 0 60 0 0 0 0 0 

2009 FL 1 7 99 0 28 6 0 0 0 0 

2009 FL 1 4 10 0 9 0 32 6 0 0 

2009 FL 1 9 7 0 11 0 10 0 0 0 

2009 FL 1 2 89 0 13 0 0 29 0 0 

2009 FL 1 6 0 0 25 0 50 0 0 0 

2009 FL 1 1 26 0 82 0 105 0 0 0 

2009 FL 2 3 59 0 107 0 54 0 0 0 

2009 FL 2 10 60 0 42 0 0 0 0 0 

2009 FL 2 8 70 0 120 0 62 0 0 0 

2009 FL 2 9 97 0 105 0 18 0 0 0 

2009 FL 2 2 0 0 144 11 0 0 0 0 
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2009 FL 2 4 12 0 15 8 0 0 15 4 

2009 FL 2 7 0 0 53 0 15 0 10 0 

2009 FL 2 1 8 0 8 0 0 0 3 2 

2009 FL 2 5 25 0 29 0 12 0 17 13 

2009 FL 2 6 0 0 0 0 16 7 17 8 

2010 KN 1 9 121 0 133 0 0 0 0 0 

2010 KN 1 1 21 0 191 0 0 0 0 0 

2010 KN 1 3 94 0 87 0 0 0 0 0 

2010 KN 1 8 127 0 113 0 0 0 0 0 

2010 KN 1 6 114 0 107 0 0 0 0 0 

2010 KN 1 10 147 0 47 0 0 0 0 0 

2010 KN 1 4 103 0 170 0 0 0 0 0 

2010 KN 1 2 90 0 0 0 0 0 0 0 

2010 KN 1 7 136 0 149 0 0 0 0 0 

2010 KN 1 5 117 0 159 0 0 0 0 0 

2010 KN 2 7 78 0 179 0 0 0 0 0 

2010 KN 2 5 193 0 101 0 0 0 0 0 

2010 KN 2 6 124 0 139 0 0 0 0 0 

2010 KN 2 8 97 0 212 0 0 0 0 0 

2010 KN 2 1 55 0 196 0 0 0 0 0 

2010 KN 2 4 30 0 80 0 0 0 0 0 

2010 KN 2 10 44 0 129 0 0 0 0 0 

2010 KN 2 9 65 0 105 0 0 0 0 0 

2010 KN 2 2 195 0 22 0 0 0 0 0 

2010 KN 2 3 79 0 

 
0 0 0 0 0 

2010 CI 1 7 68 0 0 0 53 12 0 0 

2010 CI 1 4 80 0 43 0 0 0 0 0 

2010 CI 1 1 48 0 90 0 66 30 0 0 

2010 CI 1 9 63 0 38 0 40 37 0 0 

2010 CI 1 2 53 0 108 0 30 4 0 0 

2010 CI 1 10 41 0 22 0 45 9 0 0 

2010 CI 1 5 0 0 127 0 11 0 0 0 

2010 CI 1 6 0 0 0 0 18 21 0 0 

2010 CI 1 3 10 0 9 0 32 6 0 0 

2010 CI 1 8 7 0 11 0 10 0 0 0 

2010 CI 2 9 89 0 13 0 0 29 0 0 

2010 CI 2 1 0 0 25 0 50 0 0 0 

2010 CI 2 7 0 0 66 0 0 0 0 0 

2010 CI 2 10 0 0 0 0 26 14 0 0 

2010 CI 2 3 0 0 0 0 94 6 0 0 

2010 CI 2 4 0 0 67 8 104 27 0 0 
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2010 CI 2 6 47 0 0 0 0 0 0 0 

2010 CI 2 8 28 0 39 0 0 17 0 0 

2010 CI 2 2 0 0 17 0 30 0 0 0 

2010 CI 2 5 0 0 25 2 13 2 0 0 

2010 SC 1 8 0 0 155 31 0 0 0 0 

2010 SC 1 10 0 0 77 26 0 0 0 0 

2010 SC 1 3 0 0 118 40 0 0 0 0 

2010 SC 1 5 0 0 123 14 0 0 0 0 

2010 SC 1 7 0 0 103 0 0 0 0 0 

2010 SC 1 4 0 0 100 26 0 0 0 0 

2010 SC 1 9 0 0 116 18 0 0 0 0 

2010 SC 1 2 0 0 109 0 0 0 0 0 

2010 SC 1 6 0 0 72 9 0 0 0 0 

2010 SC 1 1 0 0 110 18 0 0 0 0 

2010 SC 2 3 0 0 141 33 0 0 0 0 

2010 SC 2 10 0 0 109 12 0 0 0 0 

2010 SC 2 8 0 0 83 8 0 0 0 0 

2010 SC 2 9 0 0 110 10 0 0 0 0 

2010 SC 2 2 0 0 94 11 0 0 0 0 

2010 SC 2 4 0 0 150 14 0 0 0 0 

2010 SC 2 7 0 0 190 20 0 0 0 0 

2010 SC 2 1 0 0 122 12 0 0 0 0 

2010 SC 2 5 0 0 173 97 0 0 0 0 

2010 SC 2 6 0 0 128 14 0 0 0 0 

2010 GA 1 5 107 0 95 0 0 0 0 0 

2010 GA 1 10 62 0 98 0 0 0 0 0 

2010 GA 1 6 163 0 83 0 0 0 0 0 

2010 GA 1 8 62 0 44 0 0 0 0 0 

2010 GA 1 7 0 0 28 0 81 0 0 0 

2010 GA 1 4 0 0 41 0 72 0 35 0 

2010 GA 1 9 4 0 37 0 16 12 19 0 

2010 GA 1 2 31 0 104 0 12 8 0 0 

2010 GA 1 3 42 0 69 0 21 9 0 0 

2010 GA 1 1 29 0 75 3 8 0 0 0 

2010 GA 2 3 43 0 62 45 5 0 0 0 

2010 GA 2 10 119 0 28 0 29 12 0 0 

2010 GA 2 8 108 0 208 0 157 0 0 0 

2010 GA 2 9 91 0 85 0 120 0 0 0 

2010 GA 2 2 147 0 0 0 0 0 0 0 

2010 GA 2 4 165 0 154 0 124 0 0 0 

2010 GA 2 7 28 0 24 0 17 0 0 0 
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2010 GA 2 1 17 0 21 0 0 0 18 10 

2010 GA 2 5 33 0 23 0 0 0 7 0 

2010 GA 2 6 12 0 15 8 0 0 15 4 

2010 FL 1 8 0 0 0 0 35 0 0 0 

2010 FL 1 10 0 0 7 0 18 0 6 0 

2010 FL 1 3 0 0 11 0 25 0 0 0 

2010 FL 1 5 0 0 15 0 25 0 0 0 

2010 FL 1 7 9 0 12 0 3 0 0 0 

2010 FL 1 4 8 0 10 0 0 0 30 0 

2010 FL 1 9 6 0 0 0 9 0 12 0 

2010 FL 1 2 30 0 16 0 0 0 0 11 

2010 FL 1 6 13 0 21 0 0 0 10 0 

2010 FL 1 1 8 0 11 0 23 0 24 0 

2010 FL 2 3 10 0 50 0 0 0 0 0 

2010 FL 2 10 28 0 24 0 17 0 0 0 

2010 FL 2 8 17 0 21 0 0 0 18 10 

2010 FL 2 9 33 0 23 0 0 0 7 0 

2010 FL 2 2 12 0 15 8 0 0 15 4 

2010 FL 2 4 0 0 53 0 15 0 10 0 

2010 FL 2 7 8 0 8 0 0 0 3 2 

2010 FL 2 1 25 0 29 0 12 0 17 13 

2010 FL 2 5 0 0 0 0 16 7 17 8 

2010 FL 2 6 0 0 26 0 49 7 0 0 

2011 KN 1 7 67 0 72 0 0 0 0 0 

2011 KN 1 3 92 0 87 0 0 0 0 0 

2011 KN 1 1 88 0 18 0 0 0 0 0 

2011 KN 1 4 63 0 97 0 0 0 0 0 

2011 KN 1 6 51 0 101 0 0 0 0 0 

2011 KN 1 10 97 0 87 0 0 0 0 0 

2011 KN 1 5 117 3 75 0 0 0 0 0 

2011 KN 1 8 129 17 66 14 0 0 0 0 

2011 KN 1 9 79 4 105 0 0 0 0 0 

2011 KN 1 2 148 0 0 0 0 0 0 0 

2011 KN 2 3 26 0 96 0 0 0 0 0 

2011 KN 2 10 86 0 173 0 0 0 0 0 

2011 KN 2 8 164 0 75 0 0 0 0 0 

2011 KN 2 9 112 11 37 0 0 0 0 0 

2011 KN 2 2 60 0 100 0 0 0 0 0 

2011 KN 2 4 91 40 137 22 0 0 0 0 

2011 KN 2 7 132 9 67 0 0 0 0 0 

2011 KN 2 1 115 42 28 0 0 0 0 0 
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2011 KN 2 5 93 15 73 0 0 0 0 0 

2011 KN 2 6 66 0 114 0 0 0 0 0 

2011 CI 1 9 115 0 46 0 0 0 0 0 

2011 CI 1 1 94 0 175 0 0 0 0 0 

2011 CI 1 3 60 0 136 0 0 0 0 0 

2011 CI 1 8 115 0 142 0 0 0 0 0 

2011 CI 1 6 67 0 189 0 0 0 0 0 

2011 CI 1 10 95 0 72 0 0 0 0 0 

2011 CI 1 4 134 0 33 0 0 0 0 0 

2011 CI 1 2 126 0 69 0 0 0 0 0 

2011 CI 1 7 66 0 169 0 0 0 0 0 

2011 CI 1 5 110 0 52 0 0 0 0 0 

2011 CI 2 7 82 0 121 0 0 0 0 0 

2011 CI 2 5 242 0 32 0 0 0 0 0 

2011 CI 2 6 212 0 74 0 0 0 0 0 

2011 CI 2 8 134 0 10 0 0 0 0 0 

2011 CI 2 1 176 0 69 0 0 0 0 0 

2011 CI 2 4 119 0 33 0 0 0 0 0 

2011 CI 2 10 107 0 95 0 0 0 0 0 

2011 CI 2 9 62 0 98 0 0 0 0 0 

2011 CI 2 2 163 0 83 0 0 0 0 0 

2011 CI 2 3 62 0 44 0 0 0 0 0 

2011 SC 1 7 0 0 28 0 81 0 0 0 

2011 SC 1 4 0 0 41 0 72 0 35 0 

2011 SC 1 1 4 0 37 0 16 12 19 0 

2011 SC 1 9 0 0 0 0 0 0 0 0 

2011 SC 1 2 11 0 18 0 6 0 0 0 

2011 SC 1 10 5 0 20 0 24 10 17 0 

2011 SC 1 5 0 0 6 0 10 0 0 0 

2011 SC 1 6 0 0 0 0 0 0 20 0 

2011 SC 1 3 0 0 0 0 0 0 0 0 

2011 SC 1 8 0 0 0 0 14 0 0 0 

2011 SC 2 9 0 0 0 5 0 0 14 0 

2011 SC 2 1 0 0 10 0 0 0 0 0 

2011 SC 2 7 22 0 18 0 34 0 37 0 

2011 SC 2 10 35 0 20 0 31 0 20 0 

2011 SC 2 3 0 0 26 0 0 0 0 0 

2011 SC 2 4 19 0 22 0 38 0 44 0 

2011 SC 2 6 15 0 16 0 10 0 16 0 

2011 SC 2 8 19 9 24 0 28 18 28 0 

2011 SC 2 2 25 0 63 0 81 0 16 0 
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2011 SC 2 5 22 0 26 0 10 0 20 0 

2011 GA 1 9 34 0 19 0 0 0 0 0 

2011 GA 1 1 19 0 0 0 0 0 0 0 

2011 GA 1 3 17 0 20 0 0 0 0 0 

2011 GA 1 8 33 0 34 0 0 0 0 0 

2011 GA 1 6 0 0 0 0 0 0 0 0 

2011 GA 1 10 0 0 0 0 0 0 0 0 

2011 GA 1 4 45 0 5 0 0 0 0 0 

2011 GA 1 2 17 0 1 0 0 0 0 0 

2011 GA 1 7 9 0 65 0 0 0 0 0 

2011 GA 1 5 28 0 46 0 0 0 0 0 

2011 GA 2 7 83 0 20 0 0 0 0 0 

2011 GA 2 5 25 0 99 0 0 0 0 0 

2011 GA 2 6 4 0 21 0 0 0 0 0 

2011 GA 2 8 10 0 7 0 0 0 0 0 

2011 GA 2 1 81 0 15 0 0 0 0 0 

2011 GA 2 4 112 0 47 0 0 0 0 0 

2011 GA 2 10 67 0 40 0 0 0 0 0 

2011 GA 2 9 82 0 61 0 0 0 0 0 

2011 GA 2 2 41 0 40 0 0 0 0 0 

2011 GA 2 3 36 0 98 0 0 0 0 0 

2011 FL 1 8 0 0 0 0 35 0 0 0 

2011 FL 1 10 0 0 7 0 18 0 6 0 

2011 FL 1 3 0 0 11 0 25 0 0 0 

2011 FL 1 5 0 0 15 0 25 0 0 0 

2011 FL 1 7 9 0 12 0 3 0 0 0 

2011 FL 1 4 8 0 10 0 0 0 30 0 

2011 FL 1 9 6 0 0 0 9 0 12 0 

2011 FL 1 2 30 0 16 0 0 0 0 11 

2011 FL 1 6 13 0 21 0 0 0 10 0 

2011 FL 1 1 8 0 11 0 23 0 24 0 

2011 FL 2 3 10 0 50 0 0 0 0 0 

2011 FL 2 10 28 0 24 0 17 0 0 0 

2011 FL 2 8 17 0 21 0 0 0 18 10 

2011 FL 2 9 33 0 23 0 0 0 7 0 

2011 FL 2 2 12 0 15 8 0 0 15 4 

2011 FL 2 4 0 0 53 0 15 0 10 0 

2011 FL 2 7 8 0 8 0 0 0 3 2 

2011 FL 2 1 25 0 29 0 12 0 17 13 

2011 FL 2 5 0 0 0 0 16 7 17 8 

2011 FL 2 6 0 0 26 0 49 7 0 0 



30 
 

 

            

 

 

References: 

Yan W, Kang MS, Ma B, Woods S, Cornelius PL. 2007. GGE biplot vs. AMMI analysis 

of genotype-by-environment data. Crop Sci. 47:643-653.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



31 
 

 



32 
 

Figure S1. Screenshot of ‘Properties’ window (Panel A) of input data (.xlsx) file 

represents file name , file type  and file location ; an example Excel file (Panel B)  

represents sheet name ; folder (Panel C) represent the location  of input data file 

(.xlxs); and input data template (Panel D). The required variable year (YR), location 

(LC), replication (RP), and cultigen or genotype (GN) are represented in ‘bold’, ‘capital 

case’ and enclosed in a separate box (Panel D). 
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Figure S2. Screenshot of SLOPE&DEPVAR.SAS (Panel A), 

UNIVARIATE2&DEPVAR.SAS (Panel B), UNIVARIATE3&DEPVAR.SAS (Panel C), 

and OVERALL_ANOVA_&DEPVAR.XLSX (Panel D) files for dependent variable 

MKMGHA. Panel A represents analysis of regression slope (bi), standard error of slope, 

deviation from regression (S
2

d), T-test of slope (H0: bi = 1), F-test of deviation from 

regression (H0: S
2
d = 0) and level of significance of T-test and F-test. Panel B represents 

analysis of Wricke’s ecovalence (W
2

i), Shukla’s stability variance (σi
2
), Perkins and Jinks 

beta (βi), Lin and Binns Pi (Pi) and Francis and Kannenberg coefficient of variation (CVi). 

Panel C represents analysis of least square (LS) means, standard error of LS means, 

Shukla’s stability variance (σi
2
) with test of significance, and Kang’s Yield-Stability 

statistic (YSi). Panel D represents analysis of variable with source of variation (Source), 

degrees of freedom (DF), sum of squares (SS), mean sum of squares (MS), F-test value 

(FValue), probability value (ProbF) and error term used as denominator value for 

computing F-test (Error). 
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Figure S3. Screenshots of R software in ‘RStudio’. Panel A represent AMMI package 

agricolae  in ‘System Library’ window and installing AMMI package agricolae
 from CRAN repository . Panel B represent the reference path of folder where input 

data is located from ‘Session’ in ‘window tool bar’ (‘session’ in window tool bar  

select ‘set work directory’  select ‘choose work directory’  select folder where data is 

kept) . Panel C represent GGEBiplot package GGEBiplotGUI  in ‘System Library’ 

window and installing GGEBiplot package GGEBiplotGUI  from CRAN repository

. Panel D represent ‘Model Selection’ window, which pops-up after executing 

GGEBiplotGUI model. 
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Figure S4. Trait vs. PC1 (Panel A) and PC1 vs. PC2 (Panel B) view of AMMI analysis 

for trait MKMGHA of example input data of SASGxE program. 
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Figure S5. Which-won-where or polygon (Panel A), mean vs. stability (Panel B), and 

discriminative vs. representative (Panel C) view of GGE biplot for trait MKMGHA of 

example input data of SASGxE program. 

 


