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a b s t r a c t

Analysis of variance (ANOVA) is based on two main assumptions, i.e., normality and homogeneity of
the variances of the populations samples are collected from. In order to verify the correct application
of ANOVA in agronomic research, we revised the two most recent years of two high ranked journals
concerning agronomy: European Journal of Agronomy and Field Crops Research. The main issues consid-
ered were: presence of tests for normality and homogeneity of variance, and eventually the possibility of
identifying problems due to analysis carried out on data not matching these assumptions and to incorrect
applications of multiple comparisons. Forty-six percent of the reviewed papers uses ANOVA and, in 60%
of these papers, assumptions are not verified at all (and frequently there are evidences that assumptions
are not met), or there is a misuse of multiple comparison tests. We also pointed out that the more rele-
vant risk of transmitting erroneous information to the scientific community comes from the use of wrong

techniques for multiple comparisons, in particular when protected least significant difference (LSD) test
is used. This was demonstrated through exemplifications carried out using Monte Carlo simulations that
showed an unacceptable rate of type-III errors found with the protected LSD methods for means separa-
tion. We think this study could represent a useful warning on how to avoid misleading conclusions from
agronomic experiments due to the incorrect application of classical statistical techniques (i.e., procedures

ype-I
not fully controlling the t

. Introduction

From the late 1930s, ANOVA has become a standard method
n the analysis of experimental results in agricultural sciences,
roviding conclusions with a rigorous probabilistic-based statis-
ical analysis. ANOVA also supports agronomists in transferring
eliable information–coming from scientific acquisitions–to tech-
icians, and in developing reliable assistance services for farmers.
tarting from the pioneering works of Fisher (1925), who strictly
eveloped the ANOVA theory under the normality hypothesis, a
eries of recommendations were issued about the conditions of
pplication of ANOVA and in the subsequent pairwise comparisons.
he F-distribution was determined under the assumptions of nor-
ality and homogeneity of the variances (homoscedasticity) of the

opulations samples are collected from, and assuming indepen-
ence among single measurements or observations. While the last
equirement depends only from the correctness of the randomiza-

ion procedure adopted in the experimental design, the remaining
wo are subject to unknown properties of the sampled populations.
ccording to Box (1953) and Cochran and Cox (1957, p. 91), the
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F-test is relatively robust to minor departures from the assumption
of normality but, in case of non-homoscedasticity and especially
when the number of replicates is not equal, the actual size of the F-
test tends to be larger than the intended nominal level. Other works
confirmed the Box (1953) and Cochran and Cox (1957) results about
the robustness of ANOVA against non-normality of data (Glass et al.,
1972; Harwell et al., 1992; Lix et al., 1996; Khan and Rayner, 2003).
Finally, the relatively small effects of non-normality were recently
re-confirmed, at least for sample sizes larger than those usually
adopted in agricultural research (i.e., number of replicates equal to
20) by the very extensive analysis carried out by Schmider et al.
(2010). They found a small effect on type-I error rates and on
power in case data have rectangular or exponential distributions.
Nevertheless, Micceri (1989), analyzing data from psychological
researches, found out not-normality (p < 0.01) in 440 out of 440 data
sets, with departures from normality often so relevant to decidedly
reduce the reliability of any test lying on this assumption.

The tendency of non-homoscedasticity to generate more
unwanted effects on ANOVA compared to non-normality has been
underlined by different authors. The classical studies of Scheffé

(1959, p. 351) underscored relevant differences in the F nominal
level for groups having non-homogeneous variances. Gastwirth
et al. (2009) reported an exacerbation of the negative effects of
non-homoscedasticity in unbalanced experiments (e.g., a nominal
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ignificance level of p = 0.05 corresponding to a true probability
f 0.14 for a three-level one-way ANOVA with number of repli-
ations per treatment equal to 20, 10, 10 and a population variance
atio of 1:3:5). However, in case of balanced experiments, the F-test
eparture from its nominal level is not so relevant, even under abso-

utely unfavorable variance ratios: on the basis of extensive Monte
arlo simulations, Volaufova (2009) recommended that “for small
ample sizes up to five per group, even if we are suspicious of het-
rogeneity of variances and normality, just use the ANOVA type F
est”.

The need to verify whether the assumptions of normality and
omoscedasticity are compatible with experimental data led to
he development of a variety of dedicated tests. The Shapiro-Wilk
est (Shapiro and Wilk, 1965) is one of the most widely used by
gronomists for checking normality, because of its power in case
f small samples, like those often collected within field trials. Sev-
ral alternatives to this test are available, like the Anderson–Darling
Anderson and Darling, 1952), the Kolmogorov–Smirnov–Lilliefors
Lilliefors, 1967) and the D’Agostino–Pearson (D’Agostino, 1970).
n in-depth analysis of the normality tests in ANOVA (includ-

ng two-way ANOVA) was recently carried out by Rydén and Alm
2010).

Historically, the first homoscedasticity test was that proposed
y Bartlett (Bartlett, 1937), followed by the Cochran’s (Cochran,
941) and Hartley’s Fmax (Hartley, 1950) tests. All these tests suffer
rom an excessive sensibility to non-normality, with even small
epartures able to lead to false rejections of the homogeneity
ypothesis (Box, 1953; O’Brien, 1981). A test proposed some years

ater by Levene (1960) overcomes the problem of false rejection
n case of non-normal distributions and, together with the modi-
ed versions proposed by Brown and Forsythe (1974) and O’Brien
1979, 1981), became one of the most widespread for evaluat-
ng homoscedasticity. Some authors (e.g., Abdi, 2007) consider the
’Brien test even better than the original Levene one for avoiding

alse rejections in case of departures from normality.
ANOVA, per se, tests the null hypothesis (H0) that population

roup or treatment means are equal (Quinn and Keough, 2002, p.
73) but, when H0 is rejected, a very common application in agro-
omic research is the exploration of alternative hypotheses against
he null one. Such alternative hypotheses can be defined a priori
planned) or post hoc (unplanned) in case their definition takes
lace after data have been analyzed. In this case, the common strat-
gy is to compare all the means in pairs. Several papers (e.g., Einot
nd Gabriel, 1975; Day and Quinn, 1989) discussed the related pros
nd cons, although a shared finding is the excessively tendency
f erroneously rejecting the null hypothesis of the protected least
ignificant difference (LSD, Fisher, 1935) and of the Duncan test
1955). Levin et al. (1994) demonstrated that LSD method has an
xperimentwise error rate equal to the nominal level only when
hree means are compared. Also the Duncan test increases the
rue � error in a direct relationship with the number of means
ompared. The worst case for LSD and Duncan test is given, respec-
ively, by ˛* = 1 − (1 − ˛)(n(n − 1)/2) and ˛* = 1 − (1 − ˛)(n − 1), with n
eing the number of means compared (Petrinovich and Hardyck,
969). Webster (2007) expressed an opinion in favor of the use
f LSD, but not for means classification. The same author affirmed
hat all multiple comparison tests (MCT) are useless, being suffi-
ient presenting the means with the ANOVA standard error (or
ith LSD), allowing the readers to perform their own compar-

sons.
Effect of non-homoscedasticity on multiple comparison tests

s well known too, and different authors, e.g., Games and Howell

1976), Tamhane (1979), Dunnett (1980), demonstrated the need
or a specific treatment of this kind of data. For unbalanced experi-

ents with four levels for a factor and a minimum of 12 replicates
n the smallest group, Herberich et al. (2010) evidenced, for the
omy 43 (2012) 129–135

Tukey test, large departures from the nominal level of ˛ = 0.05,
with a true experimentwise error rates higher than 0.1 when small
variances were in the largest groups. Relevant departures for the
same test were shown also by Day and Quinn (1989) for vari-
ances strongly heterogeneous and unequal number of replicates
(three groups, variances ratio of 1:1:10), with experimentwise
error rates up to 0.2 when the nominal value of ˛ was fixed at
0.05. For an extensive simulation experiment performed under the
same conditions, i.e., large departures from normality and vari-
ances markedly non-homogeneous, Ramsey et al. (2010) obtained
nominal errors greater than 2˛ for the Tukey and Hayter tests.
Even if never quantified using simulation experiments (at least
to our knowledge), these conditions could also lead to high risk
of type-III errors rate, with type-III error defined as the rate of
opposite conclusion respect to the truth. In practice, if the pop-
ulation a has a mean greater than that of the population b, the
type-III error occurs when the test indicates a significant differ-
ence but with the mean of population b greater than the mean
of population a. Type-III error was in fact defined as the prob-
ability of “correctly rejecting the null hypothesis for the wrong
reason” (Mosteller, 1948). This kind of error is particularly dan-
gerous, because it implies a completely wrong transmission of
information to the users. Usually, type-III error is not considered a
real risk in statistical analysis, because it is much less frequent than
the type-I, that is strictly controlled by several statistical procedures
(MacDonald, 1999; Mendes, 2007). However, in case of multiple
comparisons with a weak control (see, e.g., Westfall et al., 2011, p.
19) on the type-I error rate, it could become an important source
of misleading conclusions.

Another relevant source of deceptive interpretation of experi-
mental data is the use of years as a fixed factors in experiments,
forgetting their intrinsic randomness. It is indeed impossible, for
annual crops, to apply the same level of the factor year in different
seasons, since years of experimentation can be considered as sam-
ples from an infinite set of possible years. In many cases, years are
analyzed separately, to avoid the general low number of degrees
of freedom (df) arising for the appropriate error when fixed effects
have to be tested for an experiment that requires the use of a mixed
model. An excellent discussion on how to use random factors is pro-
vided, together with practical examples, by Annicchiarico (2002,
pp. 21–24).

Another relevant aspect to be properly accounted for is the
power analysis, in order to define appropriate numbers of repli-
cates and representative sample sizes. Although both classical
(e.g., Pearson and Hartley, 1951) and innovative approaches (e.g.,
Confalonieri et al., 2007) are available, this analysis is presented
only in a limited number of papers.

Despite all these considerations, recommendations related with
ANOVA assumptions and with the correct use of multiple compar-
isons are often neglected in agroenvironmental researches (Day
and Quinn, 1989). Therefore, the objectives of this study are:

• to assess how classical ANOVA and ANOVA-related analyses are
carried out and presented in international agronomic journals, to
show the effects of the use of inappropriate tests and of assump-
tions not held in ANOVA and multiple comparison techniques
on the reliability of the statistical analysis in typical agronomic
experiments through Monte Carlo simulations, and

• to give some practical – even if not new – advices for analyzing
data coming from agronomic experiments.
We would like to premise that we are not going to present here
new findings in statistics applied to agronomic research. We sim-
ply analyzed how statistical techniques, widely used within the
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Table 1
Means of simulated experiments. In brackets the variance used for each means. All
experiments were simulated using normal distributed random variates.

Simulation
series

Mean and variance (in brackets)

a 11(1); 10(1); 10(1); 10(1); 10(1); 10(1)
b 11(3); 10(1); 10(1); 10(1); 10(1); 10(1)
c 11(3); 10(3); 10(1); 10(1); 10(1); 10(1)
d 11(3); 10(0.5); 10(1); 10(1); 10(1); 10(1)
e 11(1); 11(1); 10(1); 10(1); 10(1); 10(1)
f 11(3); 11(1); 10(1); 10(1); 10(1); 10(1)
g 11(3); 11(1); 10(0.5); 10(1); 10(1); 10(1)
h 11(3); 11(3); 10(0.5); 10(1); 10(1); 10(1)
i 15(1); 11(1); 10(1); 10(1); 10(1); 10(1)
j 11(1); 10(1); 10(1); 10(1); 10(1); 10(1); 10(1); 10(1); 10(1); 10(1)
k 11(3); 10(1); 10(1); 10(1); 10(1); 10(1); 10(1); 10(1); 10(1); 10(1)
l 11(3); 10(3); 10(1); 10(1); 10(1); 10(1); 10(1); 10(1); 10(1); 10(1)
m 11(3); 10(0.5); 10(1); 10(1); 10(1); 10(1); 10(1); 10(1); 10(1); 10(1)
n 11(1); 11(1); 10(1); 10(1); 10(1); 10(1); 10(1); 10(1); 10(1); 10(1)
o 11(3); 11(1); 10(1); 10(1); 10(1); 10(1); 10(1); 10(1); 10(1); 10(1)
p 11(3); 11(1); 10(0.5); 10(1); 10(1); 10(1); 10(1); 10(1); 10(1); 10(1)
M. Acutis et al. / Europ. J.

nternational agronomic community, are often incorrectly applied,
nderlying the related risks for agronomic data interpretations.

. Materials and methods

.1. Analysis of published papers

The 2009 and 2010 issues of European Journal of Agronomy
EJA) and Field Crops Research (FCR) were analyzed. These jour-
als were chosen on the basis of their wide audience and relevance

n the field of agronomic research, confirmed by the fact that they
re ranked first and second, respectively, according to the 2009 ISI
mpact factor among those strictly dealing with agronomy (and not
ocused on specific topics or crops) in the ISI category Agriculture.
nly original research papers were considered, excluding from the
nalysis reviews or other kinds of papers (e.g., prefaces to special
ssues, books reviews). The two journals were also chosen because
f the dissimilarities in their editorial policies, mainly consisting
n a large difference in terms of papers per year: about 50 for EJA
nd 170 for FCR. For each of the papers reviewed, the following
nformation was acquired: (i) is ANOVA used in the research? (ii)
re normality tests (alternatively graphical model checking; e.g.,
eisberg, 2005, p. 204) or, at least, some comments about nor-
ality presented? (iii) are homoscedasticity tests or, at least, some

omments about variance homogeneity presented? Are there evi-
ences of non-homoscedasticity? (iv) how years are considered in
he experiment(s), and (v) which kind of exploration of multiple
omparisons (including contrasts) is applied? In case, is it correctly
pplied?

For point (iii), we considered not respected the homoscedas-
icity assumption for values of Hartley test corresponding to an
≤ 0.05. The Hartley test was used since it requires only the
aximum and minimum of the groups variances, thus it can be

onsidered particularly suitable when groups variances need to
e estimated from published figures, like in this study. For point
iv) multiple comparisons were considered as “correct” in case the
xperimentwise type-I error rate, defined as the probability of one
r more type-I errors when all the comparisons in an experiment
re made (Day and Quinn, 1989), was strictly controlled within
predetermined level of ˛. Consequently, we considered as cor-

ect multiple comparisons when simply the (protected) LSD value
s reported, leaving the reader free to apply the LSD value to his
wn comparisons (in other words, an experimentwise approach is
ot adopted at all), or when no more than three means are com-
ared using LSD (Levin et al., 1994), or when an experimentwise
est is used to classify all means (Einot and Gabriel, 1975). Dun-
an and Student–Newman–Keuls (SNK) tests do not protect all
he possible comparisons within a predetermined � level (Einot
nd Gabriel, 1975), therefore they were considered as wrong tests.
n the other hand, tests like, e.g., Tukey, Bonferroni, Scheffé,
yan–Einot–Gabriel–Welsch Q and F, offer a full experimentwise
ontrol of ˛ (Welsch, 1977), so they were considered as correct.
egarding point (v), it is difficult to identify a correct approach. Year

s surely a random factor, and is incorrect to consider it as a fixed
ne (it is impossible to apply the same treatment “year” in different
easons). However, this often leads to get few degrees of freedom
o test the fixed factor effect when, e.g., data from a 2- or 3-year
xperiment have to be analyzed and the fixed factor has only two
r three levels. In this case, a practical, valid alternative is obtained
y considering separately the years. A similar situation occurs when
he same treatment is applied to the same plot in the same field for
ore than one year. In this case, the repeated measure approach
each plot considered as a single subject; measure performed along
he years within subject) is the most suitable, even if the split-
lot approach can be also accepted, under more strict assumptions
q 11(3); 11(3); 10(0.5); 10(1); 10(1); 10(1); 10(1); 10(1); 10(1); 10(1)
r 15(1); 11(1); 10(1); 10(1); 10(1); 10(1); 10(1); 10(1); 10(1); 10(1)

(Quinn and Keough, 2002, p. 305). We considered here incorrect
all the statistical analyses where the experimental scheme is the
same for more than one year and ANOVA is performed for each
year, or when years are considered as fixed factors and treated as
any other factor involved in the experiment. Analyses where year
is considered a random factor were considered as correct.

The �2 test was used when the number of expected frequen-
cies was larger than five, otherwise the Fisher’s exact test or its
extension at m × n tables was used. All the statistical analyses were
performed using IBM-SPSS version 19 (IBM Corporation, Armonk,
New York, US).

2.2. Monte Carlo simulations

All the Monte Carlo simulations were performed using specific
macros developed in the IBM-SPSS Macro language. The random
number generator used is the internal one of the SPSS package,
based on the Mersenne Twister. The algorithm provides a period of
219937 − 1 and assures a 623-dimensional equal distribution with
32-bit accuracy (Matsumoto and Nishimura, 1998). The set of sim-
ulations carried out is described in Table 1. Experiments with 6
and 10 means were simulated, in any case with one or two means
larger than the others, in turns set to be equal. Experiments i and
r (Table 1) have one mean much larger than the others, reaching
a high power and, practically, no effect of protection allowed for
the application of MCT only when there was a significant ANOVA
F-test result, because almost all ANOVAs were expected to be signif-
icant. Three degrees of non-homoscedasticity (with ratios between
the extreme variances simulated ranging from 1:1 to 3:0.5) were
tested, using normal distributions and a coefficient of variation
equal to 10%. Each mean-variance setting was run for 5000 times.
ANOVAs were followed, for experiments where the null hypothe-
sis was rejected at the ˛ = 0.05 level, by the LSD method for means
separation. The three simulations showing the highest experimen-
twise type-III error rates using LSD, for both experiments with six
and ten means, were analyzed also using the Tukey (protected)
test. Results of the simulations were used to compute the empir-
ical ANOVA power, the number of experiments with at least one
type-I error, the number of experiments with at least one type-III
error, the per-pair type-I, type-II and type-III error rates.
We simulated only experiments with three replicates, since this
number of replicates resulted the most used in the considered
journals.



132 M. Acutis et al. / Europ. J. Agronomy 43 (2012) 129–135

Table 2
Count and percentage of the multiple comparison methods used in the 2009 and 2010 issues of European Journal of Agronomy (EJA) and Field Crops Research (FCR).

Type of multiple comparison test used

BONa CONTb DMRTc DUNd LSDe LSDNPf SHFg SNKh TUKi UNDj Total

EJA Count 0 2 4 0 26 0 1 2 5 2 42
% within journal .0% 4.8% 9.5% .0% 61.9% .0% 2.4% 4.8% 11.9% 4.8%

FCR Count 3 2 16 2 151 3 1 8 18 7 211
% within journal 1.4% .9% 7.6% .9% 71.6% 1.4% .5% 3.8% 8.5% 3.3%

Total Count 3 4 20 2 177 3 2 10 23 9 253
% within journal 1.2% 1.6% 7.9% .8% 70.0% 1.2% .8% 4.0% 9.1% 3.6%

a BON: Bonferroni’s test.
b CONTR: contrasts (pre-defined, polynomial, etc.).
c DMRT: Duncan’s multiple range test.
d DUN: Dunnet’s test.
e LSD: protected least significant difference test.
f LSDNP: unprotected least significant difference test: i.e., LSD is applied also when ANOVA F-test is not significant.
g SHF: Scheffé’s test.
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h SNK: Student–Newman–Koeuls’ test.
i TUK: Tukey’s test.
j UND: the test used is undeclared in the paper.

. Results

.1. ANOVA use

A total of 431 full papers was analyzed, 85 (19.7%) from EJA
nd 346 (80.3%) from FCR. ANOVA is globally widely used in both
he journals (i.e., in 73.6% of the papers reviewed), with an explicit
resence in 51 out of 85 papers (60%) in EJA and in 266 out of 346
apers (76.9%) in FCR.

.2. Assumption of normality

The assumption of normality is explicitly verified only in 24
ut of 317 papers (7.6%), without significant differences between
he journals (p = 0.779, Fisher’s exact test), and only in very few
ases some specifications on how normality was tested are pro-
ided. The tests used are the Kolmogorov–Smirnov, Shapiro–Wilk
nd Kolmogorov–Smirnov–Lilliefors. In one paper, the assump-
ion of normality was not required, since ANOVA was performed
sing both the bootstrap and permutation methods. In the papers
eviewed, there is no possibility, in case a specific normality test is
ot presented, to make any consideration related to the fact that
he normality assumption holds or not.

.3. Assumption of homoscedasticity

In seven papers, non-homogeneity of variances is declared by
he authors and statistical analyses were adapted accordingly,
sing (i) transformations, (ii) approaches based on reduced max-

mum likelihood methods to estimate fixed-effect and covariance
arameters, or (iii) randomization methods. In all the other cases,
n explicit test of homogeneity of variances was performed in 13.2%
f the papers, without significant differences between the two jour-
als (p = 0.686, �2 test). The tests used are the Bartlett (1937) and
evene (1960) ones. In the cases (28.1% of the papers) where tables
r figures allowed to derive the variances for each treatment (from
he reported standard deviations or standard errors), the appli-

ation of the Hartley test suggested to reject the hypothesis of
ariances homogeneity in 43% and 69.5% of the cases for EJA and
CR, respectively, with a significant difference between the two
ournals (p = 0.022, �2 test).
3.4. Years

In 171 out of 317 papers using ANOVA (53.3%), the authors
reported data collected during multi-year experiments, without
significant differences between the journals (p = 0.441, �2 test).
Among these papers, those where years are treated separately are
prevailing, representing the 68.0% in EJA and 45.1% in FCR. The per-
centage of papers where years are presented separately even if the
experimental scheme would have allowed using them jointly is
53.6% in EJA and 81.5% in FCR, with a significant difference between
the two journals (p = 0.048, Fisher’s exact test). Excluding all the
papers where years are presented separately, the use of the year
as random factor is prevailing in both the journals, with percent-
ages above the 50%, although the use of year as fixed factor is more
frequent in FCR (35.4%) than in EJA (12.1%). Moreover, the use of
models where plots in the same field and in consecutive years are
considered as repeated measure is more frequent in EJA. Only in
FCR experiments where years are used as replicates or averaged
are presented.

3.5. Multiple comparison tests and their correct application

Multiple comparisons are used in 253 papers, i.e., 79.8% of the
papers using ANOVA. Table 2 reports the use of the different multi-
ple comparison tests in the papers reviewed. Contrasts (including
user-defined contrasts and the analysis of linear, quadratic and
higher-order components for ordinated data) are used in very few
cases. The post hoc tests represent the 98.5% of the multiple com-
parisons, with the Fisher protected LSD representing the most
adopted (70% of the cases). Among the others, the Tukey and Dun-
can tests are the most used (17%), whereas the SNK test is used less
than 5% of the papers, and Bonferroni, Dunnett and Scheffé tests
are only sporadically used. LSD is correctly used only in 54.4% of the
cases, with the rate of correct application of this test not differing
between the two journals (p = 0.32, �2 test). There are also three
cases where unprotected LSD is used and nine cases where mul-
tiple comparisons are performed without any indication of which
MCT test is used. Significant differences were observed between the
journals in the use of MCT (p = 0.023, Fisher’s exact test), mainly due
to the different percentage of LSD use (10% larger in FCR).
3.6. Simulation results

Simulation results (Table 3) confirmed the type-I error rates
typical of LSD and already reported by Hayter (1986). The type-I
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Table 3
ANOVA power and type-I, II and III error rates for protected least significant difference test. All rates are computed on the basis of simulated experiments with significant
ANOVA.

Simulation
series

Anova power Type-I
error exp.
base

Type-II
error exp.
base

Type-III
error exp.
Base

Type-I
error pair
base

Type-II
error pair
base

Type-III
error pair
base

6-mean experiments A 0.140 0.715 0.781 0.016 0.194 0.348 0.004
B 0.137 0.483 0.512 0.044 0.114 0.206 0.023
C 0.125 0.661 0.688 0.065 0.180 0.317 0.021
D 0.148 0.443 0.454 0.031 0.107 0.181 0.012
E 0.192 0.592 0.977 0.023 0.162 0.464 0.003
F 0.174 0.556 0.948 0.051 0.133 0.446 0.012
G 0.203 0.581 0.944 0.064 0.132 0.432 0.017
H 0.151 0.585 0.954 0.083 0.122 0.438 0.018
I 0.999 0.996 0.951 0.003 0.185 0.395 0.000

10-mean experiments J 0.121 0.937 0.903 0.018 0.176 0.422 0.003
K 0.143 0.802 0.659 0.048 0.116 0.241 0.016
L 0.128 0.838 0.725 0.066 0.134 0.328 0.016
M 0.136 0.746 0.571 0.040 0.109 0.208 0.011
N 0.187 0.877 0.993 0.030 0.136 0.501 0.002
O 0.176 0.813 0.983 0.058 0.104 0.465 0.009
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P 0.188 0.808
Q 0.189 0.787
R 1.000 0.999

nd type-III error rates, considering the experimentwise error rate,
ere larger in the simulated experiments (SEs) with 10 means with

espect to the SEs with six means, whilst the corresponding pair-
ise error rates were slightly lower. It is interesting to notice that –
ith the means and variance configurations we adopted – at least

8% of SEs presented one (or more) type-I error(s). In particular, in
he SEs with six means, the type-III error rate computed on exper-
mental basis had a maximum of 0.083, whereas, with ten means,
he maximum was 0.090. The average type-III error rate is larger
han 4%. The type-I error, computed on pair base, ranged from 0.107
o 0.194 in the SEs with six means, and from 0.085 to 0.176 in the
Es with ten means. The per-pair type-III error rate reached higher
alues in SEs with six means, and in this case it ranged from 0.000
o 0.023; in the ten means SEs, five out of nine simulations had
n error rate lower than 0.01, whereas the others had a maximum
ype-III error rate of 0.016. The power (equal to 1–type-II error rate)
f the LSD methods has its upper limit determined by the ANOVA
ower; within the significant ANOVA, type-II error (erroneous fail-
re to reject null hypothesis) rates computed on experimental basis
ange from 0.454 to 0.954 for the six means SEs and from 0.571 to
.993 for the ten means SEs. When type-II error is computed on pair
asis, there is a small increase in the ten means SEs compared to the
ix means ones. The use of Tukey test (Table 4) reduces markedly
he type-I and type-III errors. In particular, on experiment basis, the

aximum type-III error rate is within 3.7%, whereas it is within 0.6%
n pair basis. Type-I error rates are also strongly reduced, and their
ates computed on experiment basis are less than one-half of those

btained by using LSD; on pair basis, the type-I errors are never
arger than 3.6%. As a consequence of reduced type-I error rates,
he type-II errors are increased, in particular in the ten means SEs,
oth for experiment and pair basis.

able 4
NOVA power and type-I, II and III error rates for Tukey test, for selected simulation serie

Simulation
series

Anova power Type-I
error exp.
base

T
e
b

6-mean experiments c 0.138 0.215 0
g 0.194 0.181 0
h 0.170 0.236 0

10-mean experiments l 0.120 0.306 0
o 0.129 0.390 1
q 0.174 0.202 1
.990 0.047 0.102 0.462 0.008

.970 0.090 0.085 0.440 0.016

.982 0.005 0.085 0.393 0.000

4. Discussion

This study confirmed that ANOVA is in many cases applied
without any attempt to verify the assumptions at the basis of the
underlying statistical theory. Even if there are discordant opin-
ions on the magnitude of the effects of violated assumptions, it
seems clear that lack of homoscedasticity and wide departures
from normality can totally compromise the reliability of multi-
ple comparisons tests not only when experiments are unbalanced
(Ramsey and Ramsey, 2009), but also when experiments are bal-
anced, a common situation in agronomic research (Ramsey et al.,
2010).

The authors consider homoscedasticity and normality tests as
indicators able to allow readers to evaluate whether to consider
statistical analysis results strictly for what they should be or to
give them just the role of indications. Moreover, almost all statis-
tical packages implement non-parametric approaches to ANOVA,
and software to perform resampling-based ANOVAs are avail-
able (e.g., the package AMPE, Acutis et al., 2007) to avoid the
effects of assumptions violated. However, although several books
(e.g., Hollander and Wolfe, 1999, pp. 114–184; Hettmansperger
and McKean, 2010, pp. 291–330) are available that claim more
robustness (with very slight loss of power) to be achieved with
non-parametric methods, their use in agronomic research is still
very sporadic. Last but not least, Conover and Iman (1981) proposed
an alternative bridging parametric and non-parametric analyses
based on rank transformations, providing scientists with solutions

for analyzing even very complex experimental designs, usually
inadequately covered by non-parametric statistics. Although some
criticisms were raised against the use of rank transformations for
ANOVA (Sawilowsky et al., 1989), they should be considered as

s. See text for details.

ype-II
rror exp.
ase

Type-III
error exp.
base

Type-I
error pair
base

Type-II
error pair
base

Type-III
error pair
base

.948 0.012 0.021 0.892 0.006

.997 0.016 0.029 0.755 0.003

.994 0.022 0.036 0.745 0.004

.977 0.025 0.019 0.731 0.005

.000 0.037 0.017 0.831 0.005

.000 0.013 0.008 0.809 0.001
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alid alternatives when parametric models assumptions do not
old.

In a relevant percentage of the papers reviewed, multi–year
nalyses are presented, as recommended by the classical agronomic
pproach. However, the percentage of cases where years are con-
idered as a fixed factor, or where data are collected on the same
ubject (i.e., the plot) along years and analyzed without any con-
ideration on the experimental design, are frequent. It is absolutely
lear, from longtime, that considering a random factor as a fixed one
an lead to completely misleading data interpretations, because of
he totally different structure of the F-test. A possible exception to
he use of year as a random factor could be reasonable when years
ith particular characteristics are considered, e.g., when normal,
ot and cold years are considered, but this was never the case in
he papers reviewed. The structure of correct F-tests in complex
xperiments including random factors has been difficult to assess
or long time, although McIntosh (1983) and Annicchiarico (2002,
p. 21–24) provided a valuable support in this sense, and modern
tatistical packages (needing only an indication of which effects are
andom and which are fixed to perform a correct ANOVA) are now
implifying the application of this kind of analysis. Nevertheless,
he use of year as random factor can reduce the degrees of free-
om available to test the main effects and the available degrees
f freedom need to be considered in the planning of multi-year
xperiments.

According to the literature reviewed, the situation is not satis-
actory also for multiple comparisons. Even if contrasts and analysis
f linear and quadratic components are recommended by all the
lassical statistical books (e.g., Steel and Torrie, 1980, pp. 363–365;
nedecor and Cochran, 1989, p. 226), they are used only sporad-
cally, substituted in most of the cases with post hoc multiple
omparisons. It is clear that in several cases (e.g., when treatments
re different varieties) post hoc multiple comparison tests are
ppropriate but, if an a priori structure of comparison is designed,
here is an increase of power of the test. In our analysis, among post
oc MCT, LSD is largely the most used for multiple comparisons.
hese results are totally different from those reported by Day and
uinn (1989) on papers published in the ecological field, where the
se of LSD for experimentwise multiple comparison was limited to
he 6% of the papers.

These authors consider that the use of LSD in experimentwise
ense (i.e., “putting letters close to the means”) is an error that could
enerate a misleading communication of experimental results. As
reviously underlined, LSD should instead be used as proposed by
ebster (2007), thus simply reporting them and leaving the reader

o perform his own comparisons. Ramsey et al. (2010) warned
gainst the risk of relevant errors when the true level of ˛ changes
rom 0.05 to 0.075. When LSD are used in experimentwise sense,
here is no control on type-I error rates because, when more than
hree means are compared at a nominal value of ˛ = 0.05, the true
alue of ˛ is > 0.1 (Hayter, 1986). In this cases, the effect due to LSD is
uch to hide those deriving from the violation of the assumptions of
ormality and homoscedasticity. These results are fully confirmed
y the SEs carried out in this study that also highlighted very high,
nacceptable rates of type-III error. If 0.05 is assumed as thresh-
ld to avoid the risk of falsely declaring significant a difference
etween two means, an average risk higher than 0.04 of declar-

ng two means significantly different, but for the wrong reason
i.e., type-III error) appears unacceptable. All these considerations
re enough to consider inappropriate the use of LSD to perform
ll the possible multiple comparisons. In this context, the effect of
on-homoscedasticity becomes unimportant, even if type-III errors

re higher when variances are not homogeneous. It is important to
otice that the Tukey test strongly reduces the type-I and type-III
rror rates, although at the cost of a reduced capacity to identify true
ifferences among means. We consider that the reduced power is
omy 43 (2012) 129–135

not a price too high to pay for a correct communication of significant
differences, and we strongly recommend the use of experiment-
wise MCT tests. The Duncan test (Duncan, 1955) is deliberately not
an experimentwise one. Therefore, according to Einot and Gabriel
(1975), it is not recommended for testing all the possible com-
parisons of means. Although the Student–Newman–Keuls test had
been considered for longtime the most powerful experimentwise
MCT ever proposed, Einot and Gabriel (1975) demonstrated that it
is not really an experimentwise test, finally suggesting for its aban-
donment. Hochberg and Tamhane (1987, p. 12) suggest to use tests
with full control of the experimentwise error.

In agreement with Ryan (1959), Scheffé (1959, pp. 66–83), Miller
(1981, pp. 39 and 57) and Day and Quinn (1989), we found tests
with an error rate depending from the number of comparisons, that
is unacceptable.

The Tukey test is a true experimentwise test, and it is really easy
to apply and to understand, although not the most powerful among
those available. Peritz test, or REGWQ and REGWF, (Ramsey, 1978)
are experimentwise tests more powerful than the Tukey one, and
they could surely be adopted, although in our analysis we have not
found any application of these high-performing tools.

For an extensive review on multiple comparisons, we recom-
mend the books from Hochberg and Tamhane (1987) and Hsu
(1996). Moreover, more recent and important developments can
be found in Hothorn et al. (2008).

5. Conclusions

In spite of the continuous discussions – even in statistical
journals–on the need of increasing the rigor in the way statistical
analyses are performed, the international agronomic community
appears to avoid considering them at all, continuing to use unsuit-
able methods to analyze experimental data, and consequently
increasing the risk of transferring incorrect information to the read-
ers. Even the graphical presentation of results, with errors bars
often presented for each mean in case of homogeneous variances,
could be misleading. Today agronomists have the possibility to ver-
ify variances homogeneity in whatever experimental design, both
univariate and multivariate (O’Neill and Matthews, 2002).

The correct statistical analyses are well known from years, and
statistical packages available nowadays, including free, open source
packages, fully implement them. So, there is no reason to avoid
serious improvement of statistical analysis in agronomy, avoid-
ing misleading transmission of the research outcomes. The same
process occurred more than 20 years ago for the international eco-
logical community (Day and Quinn, 1989).

Research in agronomy has demonstrated to be out of date in
applying recent statistical achievements in the analysis of experi-
mental data. However, the aim of this study was far from providing
considerations on new findings in statistics as applied to agronomic
experiments. Instead, our literature analysis unequivocally demon-
strates that there is often a totally uncritical application of aged,
well know procedures, in particular for the inappropriate usage of
the LSD test. We thus recommend the use of tests that control the
type-I error rate at experimentwise level.

References

Abdi, H., 2007. O’Brien test for homogeneity of variance. In: Salkind, N.J. (Ed.), Ency-
clopedia of Measurement and Statistics. Thousand Oaks (CA), Sage, pp. 701–704.

Acutis, M., Trevisiol, P., Confalonieri, R., Bellocchi, G., Grazioli, E., van den Eede, G.,

Paoletti, C., 2007. AMPE: a software tool for analytical method validation. Journal
of AOAC International 90, 1432–1438.

Anderson, T.W., Darling, D.A., 1952. Asymptotic theory of certain goodness-of-fit
criteria based on stochastic processes. Annals of Mathematical Statistics 23,
193–212.



Agron

A

B

B

B
C

C

C

C

D

D

D
D

E

F

F
G

G

G

H

H

H

H

H

H

H

H
H

K

L

L

L

M. Acutis et al. / Europ. J.

nnicchiarico, P., 2002. Genotype x Environment Interactions – Challenges and
Opportunities for Plant Breeding and Cultivar Recommendations. FAO Plant
Production and Protection Paper 174, Rome, 115 pp.

artlett, M.S., 1937. Properties of sufficiency and statistical tests. Applied Statistics-
Journal of the Royal Statistical Society Series A 160, 268–282.

rown, M.B., Forsythe, A.B., 1974. Robust tests for the equality of variances. Journal
of the American Statistical Association 69, 364–367.

ox, G.E.P., 1953. Nonnormality and test of variances. Biometrika 40, 318–335.
ochran, W.G., 1941. The distribution of the largest of a set of estimated variances

as a fraction of their total. Annals of Eugenics, London 11, 47–52.
ochran, W.G., Cox, G.M., 1957. Experimental Designs, 2nd ed. John Wiley & Sons,

Inc., New York, pp. 617.
onfalonieri, R., Acutis, M., Bellocchi, G., Genovese, G., 2007. Resampling-based soft-

ware for estimating optimal sample size. Environmental Modelling & Software
22, 1796–1800.

onover, W.J., Iman, R.L., 1981. Rank transformations as a bridge between parametric
and nonparametric statistics. American Statistical Association 35, 124–129.

’Agostino, R.B., 1970. Transformation to normality of the null distribution of g1.
Biometrika 57, 679–681.

ay, R.W., Quinn, G.P., 1989. Comparisons of treatments after an analysis of variance
in ecology. Ecological Monographs 59, 433–463.

uncan, D.B., 1955. Multiple range and multiple F tests. Biometrika 11, 1–42.
unnett, C.W., 1980. Pairwise multiple comparisons in the unequal variance case.

Journal of the American Statistical Association 75, 796–800.
inot, I., Gabriel, K.R., 1975. A study of the powers of several methods of multiple

comparisons. Journal of the American Statistical Association 70, 574–583.
isher, R.A., 1925. Statistical Methods for Research Workers. Oliver and Boyd, Edin-

burgh, pp. 239.
isher, R.A., 1935. Design of Experiments. Oliver & Boyd, London, pp. 244.
ames, P.A., Howell, J.F., 1976. Pairwise multiple comparison procedures with

unequal N’s and/or variances: a Monte Carlo study. Journal of Educational and
Behavioral Statistics 1, 113–125.

astwirth, J.L., Gel, Y.R., Miao, W., 2009. The impact of Levene’s test of equality of
variances on statistical theory and practice. Statistical Science 24, 343–360.

lass, G.V., Peckham, P.D., Sanders, J.R., 1972. Consequences of failure to meet the
assumptions underlying the fixed effects analysis of variance and covariance.
The Review of Educational Research 42, 237–288.

artley, H.O., 1950. The maximum F-rates as a shortcut test for heterogeneity of
variance. Biometrika 37, 308–312.

arwell, M.R., Rubinstein, E.N., Hayes, W.S., Olds, C.C., 1992. Summarizing Monte
Carlo results in methodological research: the one- and two-factor fixed effects
ANOVA cases. Journal of Educational and Behavioral Statistics 17, 315–339.

ayter, A.J., 1986. The maximum familywise error rate of Fisher’s least sig-
nificant difference test. Journal of the American Statistical Association 81,
1000–1004.

erberich, E., Sikorski, J., Hothorn, T., 2010. A robust procedure for comparing mul-
tiple means under heteroscedasticity in unbalanced designs. PLoS One 5 (3),
e9788, http://dx.doi.org/10.1371/journal.pone.0009788.

ettmansperger, T.P., McKean, J.W., 2010. Robust Nonparametric Statistical Meth-
ods, 2nd ed. Chapman & Hall/CRC Monographs on Statistics & Applied
Probability, pp. 553.

ochberg, Y., Tamhane, A.C., 1987. Multiple Comparison Procedures. John Wiley &
Sons, pp. 450.

ollander, M., Wolfe, D.A., 1999. Nonparametric Statistical Methods, 2nd ed. John
Wiley & Sons, New York, pp. 504.

othorn, T., Bretz, F., Westfall, P., 2008. Biometric Journal 50, 346–363.
su, J., 1996. Multiple Comparisons: Theory and Methods. Chapman & Hall/CRC, pp.

277.
han, A., Rayner, G.D., 2003. Robustness to non-normality of common tests for the

many-sample location problem. Journal of Applied Mathematics and Decision
Sciences 7, 187–206.

evene, H., 1960. In: Olkin, I.I. (Ed.), Contributions to Probability and Statistics:
Essays in Honor of Harold Hotelling. Stanford University Press, Palo Alto, CA,
pp. 278–292.

evin, J.R., Serlin, R.C., Seaman, M.A., 1994. A controlled powerful multiple-

comparison strategy for several situations. Psychological Bulletin 115,
153–159.

illiefors, H.W., 1967. On the Kolmogorov–Smirnov test for normality with mean
and variance unknown. Journal of the American Statistical Association 62,
399–402.
omy 43 (2012) 129–135 135

Lix, L.M., Keselman, J.C., Keselman, H.J., 1996. Consequences of assumption viola-
tions revisited: a quantitative review of alternatives to the one-way analysis
of variance F test. Review of Educational Research 66, 579–619. MacDonald, P.,
1999. Power, type I, and type III error rates of parametric and nonparametric
statistical tests. Journal of Experimental Education 67, 367–379.

Matsumoto, M., Nishimura, T., 1998. Mersenne Twister A 623-dimensionally
equidistributed uniform pseudorandom number generator. ACM Transactions
on Modeling and Computer Simulation 8, 3–30.

McIntosh, M.S., 1983. Analysis of combined experiments. Agronomy Journal 75,
153–155.

Mendes, M., 2007. The effect of non-normality on type III error for comparing inde-
pendent means. Journal of Applied Quantitative Methods 2, 444–454.

Micceri, T., 1989. The unicorn, the normal curve, and other improbable creatures.
Psychological Bulletin 105, 156–166.

Miller Jr., R.G., 1981. Simultaneous Statistical Inference, 2nd ed. Springer-Verlag,
New York, pp. 299.

Mosteller, F., 1948. A k-sample slippage test for an extreme population. Annals of
Mathematical Statistics 19, 58–65.

O’Brien, R.G., 1979. A general ANOVA method for robust test of additive models for
variance. Journal of the American Statistical Association 74, 877–880.

O’Brien, R.G., 1981. A simple test for variance effects in experimental designs. Psy-
chological Bulletin 89, 570–574.

O’Neill, M.E., Mathews, K.L., 2002. Levene tests of homogeneity of variance for gen-
eral block and treatment designs. Biometrics 58, 216–224.

Pearson, E.S., Hartley, H.O., 1951. Charts of the power function for analysis of variance
tests, derived from the non-central distribution. Biometrika 38, 112–130.

Petrinovich, L.F., Hardyck, C.D., 1969. Error rates for multiple comparison methods:
some evidence concerning the frequency of erroneous conclusions. Psycholog-
ical Bulletin 71, 43–54.

Quinn, G.P., Keough, M.J., 2002. Experimental Design and Data Analysis for Biologists.
Cambridge University Press, Cambridge, UK, pp. 621.

Ramsey, P.H., 1978. Power differences between pairwise multiple comparisons.
Journal of the American Statistical Association 73, 479–485.

Ramsey, P.H., Ramsey, P.P., 2009. Power and type I errors for pairwise comparisons
of means in the unequal variances case. British Journal of Mathematical and
Statistical Psychology 62, 263–281.

Ramsey, P.H., Ramsey, P.P., Barrera, K., 2010. Choosing the best pairwise compar-
isons of means from non-normal populations, with unequal variances, but equal
sample sizes. Journal of Statistical Computation and Simulation 80, 595–608.

Ryan, T.A., 1959. Multiple comparisons in psychological research. Psychological Bul-
letin 56, 26–47.

Rydén, J., Alm, S.E., 2010. The effect of interaction and rounding error in two-way
ANOVA: example of impact on testing for normality. Journal of Applied Statistics
37, 1695–1701.

Sawilowsky, S., Blair, R.C., Higgins, J.J., 1989. An investigation of the type I error and
power properties of the rank transform procedure in factorial ANOVA. Journal
of Educational and Behavioral Statistics 14, 255–267.

Scheffé, H., 1959. The Analysis of Variance. Wiley, New York, US, pp. 477.
Shapiro, S.S., Wilk, M.B., 1965. An analysis of variance test for normality (complete

samples). Biometrika 52, 591–611.
Schmider, E., Ziegler, M., Danay, E., Beyer, L., Bühner, M., 2010. Is it really robust?

Reinvestigating the Robustness of ANOVA against violations of the normal dis-
tribution assumption. Methodology 4, 147–151.

Snedecor, G.W., Cochran, W.G., 1989. Statistical Methods, 8th ed. The Iowa State
University Press, Ames, Iowa, US, pp. 507.

Steel, R.G.D., Torrie, J.H., 1980. Principles and Procedures of Statistics. McGraw-Hill,
New York, US, pp. 633.

Tamhane, A.C., 1979. A comparison of procedures for multiple comparisons of
means with unequal variances. Journal of the American Statistical Association
74, 471–480.

Volaufova, J., 2009. Heteroscedastic ANOVA: old p values, new views. Statistical
Papers 50, 943–962.

Webster, R., 2007. Analysis of variance inference, multiple comparisons and sam-
pling effects in soil research. European Journal of Soil Science 58, 74–82.

Weisberg, S., 2005. Applied Linear Regression, 3rd ed. John Wiley & Sons, pp. 352.

Welsch, R.E., 1977. Stepwise multiple comparison procedures. Journal of the Amer-

ican Statistical Association 72, 359.
Westfall, P.H., Tobias, R.D., Rom, D., Wolfinger, R.D., Hochberg, Y., 2011. Mul-

tiple Comparisons and Multiple Tests Using SAS, 2nd ed. SAS Publishing,
pp. 644.

dx.doi.org/10.1371/journal.pone.0009788

	Perfunctory analysis of variance in agronomy, and its consequences in experimental results interpretation
	1 Introduction
	2 Materials and methods
	2.1 Analysis of published papers
	2.2 Monte Carlo simulations

	3 Results
	3.1 ANOVA use
	3.2 Assumption of normality
	3.3 Assumption of homoscedasticity
	3.4 Years
	3.5 Multiple comparison tests and their correct application
	3.6 Simulation results

	4 Discussion
	5 Conclusions
	References


