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Line-source sprinkler systems (LSSS),
which create a continuous variable soil water
gradient from the water source, have been
used in irrigation (Hanks et al., 1980) and
drought screening studies (ICRISAT, 1982).
This system is simple to set up and mini-
mizes land required since no border rows
between plots are needed. Field plot layouts
using LSSS have been published elsewhere
(Hanks et al., 1980; Johnson et al., 1983).

The experimental design is similar to strip-
plot or split-block design (Steel and Torrie,
1980) except that irrigation levels are sys-
tematically arranged without randomization.
The treatments are applied at a right angle
to the irrigation gradient. Although the tests
on treatments are statistically valid, no valid
univariate statistical tests are available to test
the main effects of irrigation and the inter-
action between irrigation and treatment ef-
fects (Hanks et al., 1980) unless the Huynh-
Feldt (H-F) condition is satisfied (Huynh and
Feldt, 1970). Johnson et al. (1983) proposed
multivariate methods to test the joint effects
of irrigation levels and treatments. These tests
are difficult to compute since complex ma-
trix manipulations are involved.

Recently, repeated measures (RM) analy-
sis has been recommended for experiments
with data collected at several points in time
or space on the same experimental units
(Freund et al., 1986; Littel, 1989). The RM
analysis is readily available in the Statistical
Analysis System (SAS) general linear model
(GLM) and analysis of variance (ANOVA)
procedures (SAS, 1988). The feasibility of
applying the RM analysis to the LSSS data
and the comparison of the RM results with
the multivariate methods of Johnson et al.
(1983) are discussed in this paper.

Repeated measures analysis of variance
Agricultural researchers often conduct ex-

periments that involve repeated measure-
ments on the same experimental units when
measurements are recorded over time or space.
The experimental unit can be a plant in the
greenhouse, a plot in the field, a tree in an
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orchard, or systematically arranged plots in
LSSS. Objectives of these experiments are
usually to investigate the response over time
or space to several treatments.

The RM experiments have been conven-
tionally analyzed as a split-plot design taking
time as the split-plot factor (Steel and Torrie,
1980). However, since the repeated mea-
surements are systematically arranged with-
out randomization, the repeated measure
experiments are not truly split-plot designs.
Thus, analysis of repeated measure experi-
ments by a split-plot design might inflate the
probability of falsely rejecting a true null hy-
pothesis, i.e., or type I errors.

A critical assumption underlying the con-
ventional split-plot approach to repeated
measures design is that all repeated mea-
surements have equal variances and all pairs
of measurements must have the same cor-
relation (Snedecor and Cochran, 1980). This
condition is called compound symmetry and
is stronger than required (Littel, 1989). A
more realistic requirement is the H-F con-
dition (Huynh and Feldt, 1970), which per-
mits unequal variances and covariances “but
does not require that the variance and co-
variance have a certain mathematical de-
pendence on another set of parameters”
(Littel, 1989). The statement of the mathe-
matical condition is reported elsewhere (Mil-
liken and Johnson, 1984). The H-F condition
in RM can be verified by applying a spher-
icity test (Littel, 1989; SAS, 1988) to any
set of transformed variables defined by a
suitable orthogonal contrast transformation.
When there are only two levels of repeated
measurements, there is only one transformed
variable and a sphericity test cannot be ap-
plied, nor is it needed (SAS, 1988).

If the RM data satisfy the H-F condition
(P > 0.05), the F test in the univariate split-
plot or strip-plot analysis can be used to test
the RM effects and the associated interac-
tions. If the data violate the H-F condition,
the sphericity test is significant (P < 0.05),
a deflation of the numerator and the denom-
inator df for the F tests involving RM is rec-
ommended before determining the signifi-
cance levels for the univariate F tests (Freund
et al., 1986). Two such adjustments, the
Greenhouse and Geisser (1959) (G-G) epsi-
lon and the H-F epsilon (Huynh and Feldt,
1976) are reported. Both estimate an epsilon
and multiply the numerator df and the de-
nominator df by the epsilon before deter-
mining the significant level of the F test. The
true value of epsilon must be between 0 and
1 (Freund et al., 1986). But H-F epsilon
sometimes can be >1. In that case, no ad-
justment is needed to the df or to the signif-
icance levels. Huynh and Feldt (1976) have
shown that the G-G adjustment is conserv-
ative and biased downward compared with
the H-F adjustment, especially for small
samples. If the H-F condition is rejected at
P <0.0001, multivariate tests (Wilk’s like-
lihood ratio) are preferred over the adjusted
univariate tests since multivariate tests do not
require the H-F condition (SAS, 1988).

Repeated measure ANOVA can be per-
formed effectively using the REPEATED
statement in PROC GLM or PROC ANOVA
in SAS (1988). The sphericity test is avail-
able when the PRINTE option is used with
the REPEATED statement. This sphericity
test is applied both to the transformed vari-
ables as defined by the REPEATED state-
ment and to a set of orthogonal components
if the specified transformation was not or-
thogonal. The sphericity test applied to the
orthogonal components determines whether
the RM data satisfy the H-F condition (SAS,
1988). Both G-G and H-F adjustments and
a variety of multivariate tests are also avail-
able in SAS.

In RM analysis, a particular choice of
contrast transformation provides additional
insight into the data being studied. In SAS,
several contrast transformations can be spec-
ified with the REPEATED statement. Nei-
ther univariate nor multivariate test statistics
are affected by the type of transformation.
The choice of transformation is only impor-
tant in studying the nature of repeated mea-
sure effects and the associated interactions
with treatments. The following transforma-
tions are available in SAS: Contrast: When
one particular control level of repeated mea-
sure is compared against all other levels of
the factor. Polynomial: When the levels of
repeated measures represent quantitative lev-
els and linear, quadratic effects, etc., are of
specific interest to generate orthogonal poly-
nomial contrasts. Helmert: Comparison be-
tween a level of RM and the means of all
other subsequent levels. Useful to determine
the point at which the response ceases to
change. Mean: Each level in RM is com-
pared to the mean of all other levels. Profile:
Comparison between any two adjacent levels
of RM. Useful in determining the point at
339



which the response changes. The ANOVA
of the transformed variables and their inter-
actions with the treatment can be obtained
by the SUMMARY option in the repeated
statement. If one of these transformations does
not meet the need of a particular analysis,
the M option of the MANOVA statement can
be used to perform the test of interest.

Sample data set
Yield data from an irrigation experiment

using the LSSS and published elsewhere
(Hanks et al., 1980) are used to illustrate the
RM analysis. The original data were derived
from an experimental design of three culti-
vars, three blocks, two north and south halves
(the sprinkler line divided the experimental
site into two halves), and six irrigation levels
(Hanks et al., 1980). One of the require-
ments for computing multivariate statistics is
that the numer of RM should be less than or
equal to the number of experimental units
per treatment combination (Johnson et al.,
1983; Latour and Minard, 1983). Thus, the
two north-south halves were combined with
the replicates and treated as blocks. The
modified data structure consists of three cul-
tivars, six blocks, and six irrigation levels.

The RM ANOVA was performed by the
PROC GLM procedure in PC-SAS. The
sphericity test statistic was obtained by the
PRINTE option in the REPEATED state-
ment. Two contrast transformations, HEL-
MERT and PROFILE, were used in RM
ANOVA. The HELMERT transformation was
used to determine at which irrigation level
the yield response ceased to change, whereas
the irrigation level at which the change took
place was determined by the PROFILE
transformation. A POLYNOMIAL transfor-
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mation was not used, since quantitative in-
formation was unavailable on the irrigation
levels.

Comparison of Johnson et al.’s multivar-
iate tests of Hank et al.’s LSSS data with RM
analysis. Johnson et al. (1983) proposed
multivariate tests involving complex matrix
computation to analyze the LSSS data of
Hanks et al. (1980). To compute valid mul-
tivariate tests, Johnson et al. (1983) modi-
fied the data of Hanks et al. by combining
the north and south halves and the adjacent
irrigation levels. Thus, the condensed data
structure consisted of three cultivars, three
blocks, and three irrigation levels (Table 1).
Johnson et al. (1983) computed the multi-
variate test statistics, Wilk’s likelihood ratio,
and the probability values using matrix ma-
nipulations.

For the same condensed LSSS data, RM
analysis was carried out by using the PROC
GLM REPEATED statement, and multivar-
iate test statistics were computed using the
MANOVA option in PROC GLM (SAS,
1988). The M matrices (Johnson et al., 1983)
were specified in the M option in PROC GLM
(Table 2). Additional tests were also per-
formed involving the contrast “Luke vs.
others” and irrigation levels.

Data set analysis
The RM-ANOVA statistics, univariate,

adjusted univariate, and multivariate test sta-
tistics for Hanks et al.’s original data and the
condensed data are shown in Table 3. Va-
lidity of the F tests for the main effect of
blocks (B) and cultivar (C) does not require
the H-F condition of the RM. Thus, univar-
iate tests are valid for these main factors.
Main effects of cultivar across all irrigation
(IRR) levels were not statistically signifi-
cant.

The sphericity test for the original data
was not significant ( χ2 approximation 16.66
with 16 df; P > χ2 = 0.27), indicating the
correlation structure of the RM data satisfied
the required H-F conditions. The univariate,
adjusted univanate, and the multivariate tests
were highly significant for the IRR levels.
The univariate and multivariate tests were
not in agreement for the IRR × C interac-
tion. Because the univariate tests were valid
for these data, the interaction between IRR
× C can be considered significant. The uni-
variate test of the interaction between the
contrast “Luke vs. others” and IRR was sig-
nificant, indicating that the yield of “Luke”
was greater than the other cultivars under
high irrigation levels and vice versa under
low irrigation levels. (Fig. 1) These results
were in agreement with the Hanks et al. (1980)
results. However, the RM analysis provided
valid statistical tests for the main effect of
irrigation and the associated interactions.

RM analysis for the condensed data.
Combining the adjacent irrigation levels and
the north and south halves did not change
the statistical significance of the main effects
of B and C (Table 3). However, the spher-
icity test results (χ2 approximation of 7.75
with 2 df; P > χ2 = 0.0207) indicated that
the condensed data violated the H-F condi-
tion. Thus, the univariate tests involving RM
and the associated interactions might result
in an inflated Type I error. The MANOVA
tests that do not require the H-F condition
(Littel, 1989) or the adjusted univariate tests
by the G-G epsilon (0.511) or the H-F ep-
silon (1.24) can be used to test the RM and
the associated interactions. Because the H-F
epsilon was >1 no adjustment was made to
the univariate significance levels (Table 3).
HORTSCIENCE , VOL. 26(4), APRIL 1991



However, the results of the multivariate tests
and the adjusted univariate test were not in
agreement for IRR × B and IRR × C. The
IRR × C interaction was significant in the
MANOVA test; not significant in the G-G
adjusted test (P > F 0. 104); and significant
in the H-F adjusted test (P > F 0.043). These
results clearly confirmed that the G-G ad-
justment was more conservative than the
H-F adjustment. When the H-F condition is
met in RM analysis, Littel (1989) suggested
using the G-G adjusted probability as a com-
promise between the univariate and multi-
variate tests when univariate probability values
HORTSCIENCE, VOL. 26(4), APRIL 1991
cannot be trusted and multivariate tests are
not significant. Latour and Minard (1983)
recommended multivariate tests over G-G and
H-F adjusted univariate tests if one is con-
cerned about the Type I errors. When the
H-F condition is not met, Huynh and Feldt
(1976) showed that the G-G adjustment is
more conservative and has the disadvantage
of underestimating the true significance lev-
els. Therefore, the following recommenda-
tions are made regarding testing RM effects:
1) If the H-F condition is met (the sphericity
test is not significant) the univariate test sta-
tistics can be used. 2) If the H-F condition
is violated and the sphericity test is signifi-
cant at the 0.05-0.01 level, either the H-F
adjusted univariate tests or multivariate tests
can be used. 3) If the H-F condition is re-
jected at <0.01 level, only the multivariate
tests should be used.

RM analysis on the transformed variables.
The RM analysis in SAS also provides ad-
ditional information on the RM data by per-
forming ANOVA on contrast variables
involving the RM. The ANOVA statistics on
contrast variables transformed by the HEL-
MERT (IRR.h) and PROFILE transformation
(IRR.p) are shown in Table 4. The Helmert
transformation was used to test the effect of
one irrigation level vs. the mean of the sub-
sequent levels, whereas the effects of the ad-
jacent levels were tested by the profile
transformation. Both contrast transforma-
tions indicated that the average effects of ir-
rigation levels IRR1, IRR2, and IRR3 were
significantly different. The interactions be-
tween cultivar and the contrasts of IRR1 vs.
subsequent levels (IRR1h), and IRR2 vs. sub-
sequent levels (IRR2h) were significant,
whereas the interaction of cultivar × the
contrast of IRR3 vs. subsequent levels (IRR3h)
was not significant. These results indicated
that cultivars responded differently in IRR1

and IRR2 than at other irrigation levels. The
interactions between the contrast “Luke vs.
others” × IRR1h and IRR2h were highly sig-
nificant, indicating that ‘Luke’ responded
differently than the other two cultivars at IRR1

and IRR2. This interaction is shown in Fig.
1.

The ANOVA statistics for the contrast
variable obtained by the profile transforma-
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tion indicated the IRR level at which the re-
sponse change occurred. The interaction
between the contrast “Luke vs. others” ×
the contrast of IRR1 vs. IRR2 (IRR1p) was
not significant, whereas the “Luke vs. oth-
ers” × the contrast of IRR2 vs. IRR3 (IRR2p)
was significant, which indicated the re-
sponse change occurred between IRR2 and
IRR3. Thus, these contrast transformations
revealed additional insight into the RM ef-
fects.

Comparison between Johnson et al.’s
multivariate tests and RM analysis. The
multivariate tests suggested by Johnson et al.
(1983) using a matrix procedure can be eas-
ily obtained by using the MANOVA and M
options. The same statistics were obtained in
MANOVA and Johnson et al.’s method (Ta-
ble 5). The equality of cultivar effects across
all IRR levels and C × IRR interaction can
be easily tested by the univariate and RM
analysis, respectively. If special tests such
as “equal cultivar effect at each irrigation
level” and “equal cultivar effect at IRR1”
are necessary, the MANOVA and M options
can be used effectively instead of using com-
plex matrix computations. Furthermore, RM
342
analysis is more powerful since it tests the
H-F condition and provides univariate, ad-
justed univariate, and multivariate tests.

In conclusion, RM analysis is recom-
mended for the analysis of data obtained from
experiments with repeated measurements
either over time or space. Univariate analysis
is suitable if the H-F condition is valid. If
the H-F condition is not met, adjusted uni-
variate analysis or multivariate tests should
be used.
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