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Abstract: The importance of statistics in biological research is inevitable. The appliance of statistics
is the most powerful tool to support the scientific hypothesis and to give credibility to biological
research methodology, to interpret convoluted explanations and conclusions based on the research
findings. The evidences from literatures point the persistent statistical errors, selection of non-
proper statistical test with the consequence of misinterpretation of the scientific results which are
published in international journals. One of the most extensively used statistical tests in the field of
biology (preclinical and clinical) is analysis of variance (ANOVA). ANOVA test is in place of mul-
tiple T-tests to compare the means of more than two groups at a time; and there are some important
points which biologists should be aware of them to avoid possible misinterpretation of results with
the consequence of wrong conclusion. Accordingly, the aim of the current review is to help biolo-
gists to understand the basic concepts of ANOVA test and reach to a more valid interpretation of
achieved results.

Keywords: ANOVA; homogeneity of variance; Levene’s test; multiple comparison analysis; post
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1. Background

Statistic is the grammar of science, and we need to use the language of science with
proper grammar !, therefore, it is important that biological researchers achieve basic sta-
tistical knowledge about the application of proper statistical tests and interpretation of the
results. Statistical errors, at any step, shadow the communication of an investigator’s re-
sults with the further impact on the research outputs 23.

Analysis of variance (ANOVA) is the most effective and widely used parametric sta-
tistical test for analyzing biological data in which several independent factors such as sex,
treatment and/intervention are represented ¢+ This model extends of the independent t-
test for comparing the means of more than two (independent) groups. Statisticians refer
to the ANOVA test as an omnibus test, as it tests the whole set of means at once (omnibus
means “for all” in Latin®). In fact, an omnibus test provides overall results of the data. If
this test does not become significant, there is no evidence of the null hypothesis rejection,
which means no difference between group means. If the null hypothesis is rejected, one
then proceeds to the next step of post-hoc pairwise group comparisons to determine
sources of difference.

The application of statistical tests especially ANOVA in biological researches is in-
creasing. A study considered 1128 original published papers in peer-reviewed journals
which 800 (70.92%) studies used inferential statistical tests. Among those 800 papers, 203
(25.37%) papers used ANOVA and 92 (45.23%) used post hoc tests. Out of the 203 papers,
175 (86.21%) studies applied one-way ANOVA test, 20 (9.9%) studies used two-way
ANOVA test and 8 (3.94%) studies used repeated measure ANOVA test. Out of the total
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92 original papers, which used post hoc test, 40 (43.48%), applied the proper post hoc test
and 11 (11.96%) didnt define the name of the applied post hoc testé. Accordingly, ANOVA
is one of the most applied statistical tests in biological research studies; however, the com-
mon errors in its application, lead to the misinterpretation of the results. These observa-
tions encouraged us to survey some of the most common mistakes in ANOVA test appli-
cation and to provide some possible solutions for non-statistician biologists to avoid errors
and misinterpretations of the presented data.

2. Type I and type II errors

In the medical research that also is known as an experimental medicine, it is usually
impossible to collect data from an entire population, therefore, the researcher needs to
collect a random sample from the entire population. Researchers need confidence that the
samples accurately reflect the population, therefore, they apply statistical tests to draw
conclusions from a sample and generalize them to the entire population.

Descriptive and inferential statistics are two broad categories in the field of statistics.
Descriptive statistics describe the properties of the sample, while inferential statistics ex-
amine hypotheses and make conclusions about the characteristics of a population from
the characteristics of the samples. The majority of statistical protocols include one or more
statistical hypotheses to test. In other words, through testing hypotheses and producing
estimates, inferential statistical analysis infers attributes of a population.

A hypothesis testing evaluates two exclusive expressions about a population to find
which one is supported by the sample data. The hypothesis is called null hypothesis (all
group means are equal) and the alternative hypothesis (all group means are not equal).
Testing the hypothesis uses a random sample to draw conclusion about entire population,
so, it is not 100% accurate. In the other word, for every hypothesis testing, there is a chance
to reject a true hypothesis. When conducting a hypothesis test, there are two types of er-
rors which lead to an incorrect conclusion. Type I error occurs when a null hypothesis
which is true, statistically is rejected (false positive), whereas type II error occurs when
the test fails to reject a null hypothesis which is not correct (false negative) (Fig 1).

Are two types of errors important at the same level? Testing Hypothesis is created
by statisticians to control Type I errors, whereas Type Il errors are less well characterized.
There is a presumption that Type I errors are more serious. For the individual test, it is
important to evaluate the consequences of each type of error inaccuracy.
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Figure 1. Types of Error in Statistical Hypothesis Testing.

3. Assumptions of ANOVA test

When we plan to determine differences in a scale-level dependent variable by a nom-
inal variable, comparison of mean values is required. The independent t-test is used to
compare the means between two independent groups. However, in biological research,
more often, there are experiments which need to determine mean differences between
more than two independent groups. For testing the differences between a large number
of groups, we could simply use a series of t-tests instead of the ANOVA test. However,
every time we run a t-test, we add up the type I error rates. If we compare three groups,
we will have to make K(K-1)/2 comparisons (3 in this case). If each comparison is tested
at the p=0.05 level, the final alpha (probability of Type I error) will be 0.15, i.e. a 15% Type
I error rate. Therefore, ANOVA test is used to prevent the increase of errors.

ANOVA test is one of the most frequently used statistical test for such determinations
and makes it possible to simultaneously compare several means ’. Therefore, the issue that
persuades researchers to use ANOVA test is avoiding the error of alpha level inflation,
which increases Type 1 error probability (false positive) and emerges when repetitive
paired comparisons are made 8.

There are three primary assumptions in ANOVA test, that violation of any of these
assumptions undermines the reliability of the ANOVA output. These assumption are; all
data show normally distribution; all data have equal variance and are independent of each
other °.

3.1. First Mistake: Classic ANOVA or Welch’'s ANOVA test

Homogeneity of variance (homoscedasticity) is an important assumption for
ANOVA test that allows the comparison of the variances within the groups. Homosce-
dasticity assumes different samples have the same variance, even if they come from
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different populations. When this assumption is violated, the problem is known as hetero-
scedasticity 1.

Clinical and preclinical data heteroscedasticity are expected with theoretical and em-
pirical explanations. In the biological science, treatment may have various impacts on dif-
ferent individuals/cases, making it more beneficial to certain clients than others, or even
potentially harmful to others ''. For example, in pharmacological research, drug response
can be influenced by different factors (diet, comorbidities, age, weight, drug-drug inter-
actions, and genetics), and resulting in variations in drug response due to inter-individual
differences . In psychiatric field, there is an evidence of negative outcomes for patients
receiving psychotherapy 1213,

Given the fact that most of the biomedical data come from animal or human samples,
it is important to check homogeneity of data and report them in the statistical section of
manuscript, a prerequisite which is not reported in most of the biological published stud-
ies and may lead to incorrect conclusions. Homogeneity of variance can be determined by
the following approaches: 1. Comparison of graphs (esp. box plots) 2. Comparison of var-
iance, standard deviation, and IQR statistics and 3. Statistical tests (Fligner Killeen test,
Bartlett’s test, O’Brien’s test, Levene’s test) 4. Among statistical tests for examining the
homogeneity of variances, Levene’s test 15 is one of the most popular ones and can be
conducted in the SPSS Explore procedure (Analyze — Compare means — One-way
ANOVA — Options — Homogeneity of variance tests). If Levene’s test does not become
statistically significant (groups have equal variances), the assumption of homogeneity of
variances is met, therefore, we can trust and report the classic ANOVA test outputs.

Possible solutions for first mistake: As mentioned above, the classic one-way
ANOVA test assumes that all groups have equal variances (or standard deviation) even
when their means are different. If Levene’s test is statistically significant, the assumption
of homogeneity of variances is violated. When the homogeneity of variances assumption
is not verified, you might not trust the results, as in this situation, classic ANOVA test
produces Type I error. In this case, Welch’'s ANOVA can be a good option as it is not
affected by unequal variances. Therefore, if data violates the assumption of variances ho-
mogeneity but the assumptions of normality and data independence have been supported
by data, Welch’s test would be considered as an appropriate statistical test. It can be con-
ducted in the SPSS Explore procedure (Analyze — Compare means — One-way ANOVA
— Options — Welch).

On the other hand, Welch’s ANOVA is not sensitive to unequal variances. It elimi-
nates the need to be concerned with the assumption of uniform variances.

3.2. Second Mistake: Multiple comparison test selection

The null hypothesis in ANOVA test always points that there is no difference in the
mean of data between the groups, therefore when null hypothesis (Ho) is rejected; there is
sufficient evidence to conclude that not all the means are equal. If the p-value from
ANOVA or Welch’s test (in case of unequal variance) becomes significant, you can reject
the null hypothesis.

However, ANOVA test does not provide detailed information of pairwise compari-
son between the groups. So, the next question is that how the researcher investigates the
differences between the various subgroups which are tested with ANOVA test? The first
answer is to run a series of t-tests between each pair of interests. This strategy is not the
correct approach due to two reasons: First, performing repeated statistical tests on the
same data causes alpha error 6. Second, individual t-test examines only two independent
groups at a time, therefore the results will remain unclear 7. Accordingly, there is a need
to perform additional analyses to indicate differences between each pair of experimental
groups '8. Differences between the pairs of groups can be performed by applying post hoc
tests, which points to “the analysis after the fact” and it comes from the Latin word for
“after that” 8. A category of post hoc tests that provides this type of detailed information
for ANOVA test results in “multiple comparison analysis” (MCA) tests. Each of the MCA
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tests has its own set of advantages and disadvantages. Therefore, selection of proper
MCA test, should be based on the specific research questions .

When comparing four groups (A, B, C, D) in the context of ANOVA test, we make
six comparisons. The term ‘family’ refers to a pair for these comparisons. In fact, the ‘fam-
ily-wise error (FWE) (sometimes called experiment-wise) refers to the type I error that
occurs when each comparison is performed within each family. The likelihood of false
positive increases as more tests are run; in the other words, even if the null hypothesis is
true, the probability of rejection is high!s.

A multiple comparison analysis was developed to appropriately adjust the FWE and
serves two critical functions: indication of which group mean differs significantly from
another group mean. Importantly, they also, control the experiment- or family-wise error
rate 18,

Selection of the appropriate post hoc test gives researchers the most detailed infor-
mation by also limiting type 1 error caused by alpha inflation. The most common statisti-
cal errors found in biological experiments are caused by issues with multiple compari-
sons. This is due to testing multiple hypotheses in a single experiment at the same time 3.
According to the importance of multiple comparisons, an increasing number of reviewers
considers the issue whether multiple comparisons are appropriately being used for the
experimental data. In this regard, a study reviewed the appropriateness of multiple com-
parisons of published papers in three medical journals over the last 10 years. Of 142 papers
which were reviewed, 47 (33%) papers did not use multiple comparison correction, 86
papers (61%) used correction without rationale and only 9 papers (6.3%) used appropriate
correction methods 2.

The most commonly stated problem with ANOVA test is the selection of proper post
hoc test for analysis of the data. Several types of post hoc tests are available and selection
of them is depending on the objectives of the experiment. In many circumstances, different
post-hoc tests may lead to the same conclusion; It is critical that we define the methodol-
ogy in advance and select one post-hoc test that we will use at the time of designing the
study. It will be biased approach to run the experiment with different methods and then
select the one that yields the desirable results.

According to the importance of this subject, in the following section, we reviewed
differences between post-hoc tests based on the reliability and situation that they are used.

To better understand MCAs, they can be divided based on different approaches.

1) ANOVA test is generally conducted with equal group sizes and variances; how-
ever, group sizes vary in practice for a variety of reasons, including restrictions of sam-
pling. Many MCAs fail to account for the possibility of unequal group sizes and variances,
therefore as a result, may not function properly when group sizes and variances are une-
qual. Therefore, depending on the homogeneity of variance, various MCAs can be con-
ducted. There are two categories of post hoc tests: one includes tests which are applicable
when equal variance assumed (e.g., Tukey, Bonferroni, Scheffé's, LSD, Sildak, SNK tests)
and the other group includes tests which are applicable when this assumption is not ac-
complished (Tamhane's T2, Dunnett's T3, Games-Howell, and Dunnett's C) 8. The second
group accounts for assumption violation by using a sample-size-weighted, pooled vari-
ance for only two groups being compared and by adjusting the degrees of freedom for the
statistical test 2!. (Table 1)
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Table 1. Classification of different multiple comparison analysis tests based on equality variance
assumption.

Equal Variance Assumed Equal Variance Not Assumed
LSD (least significant difference)

Bonferroni

Sidak Tamhane's T2
Scheffe
R-E-G-W F (Ryan-Einot-Gabriel-Welsch F
test)
Dunnett's T3

R-E-G-W Q (Ryan-Einot-Gabriel-Welsch
range test)

S-N-K (Student-Newman-Keuls)
Tukey’s HSD (honestly significant
difference) test
Tukey’s b
Duncan
Hochberg's GT2
Gabriel

Games-Howell

Waller-Duncan Dunnett's C

Dunnett

2) Another group of MCAs is in terms of the type of comparison. Accordingly, there
are two categories of MCA: post hoc range tests and pairwise multiple comparisons.
Range tests identify homogeneous subsets of means that are not different from each other.
In fact, non-statistically significant comparisons are placed in homogeneous subsets. If the
means of two groups are in different subsets, they differ statistically.

Pairwise multiple comparisons test the difference between each pair of means and
provide a matrix that indicates significantly different group means at an alpha level of
0.05. (Table 2)

Table 2. Classification of different multiple comparison analysis tests based on the type of compar-
ison.

Multiple Comparison Multiple Comparison

Range Tests Only

Tests Only Tests AND Range Tests
Tukey’s b Tukey’s HSD (honestly
Bonferroni significant difference)
S-N-K (Student-Newman-Keuls) test
Sidak Hochberg’s GT2
Duncan
R-E-G-W F (Ryan-Einot-Gabriel-
Welsch F test)
D tt Gabriel
unne R-E-G-W Q (Ryan-Einot-Gabriel- apte
Welsch range test)
St e,
difference) Waller-Duncan Y

wide)
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3) Another group of MCAs is based on the tests used to handle type I errors. MCTs
are thus divided into two types: single-step type and stepwise type. The single-step pro-
cedure, as the name implies, assumes one hypothetical type I error rate. Almost all pair-
wise comparisons (multiple hypotheses) are performed under this assumption. In the
other word, each comparison is independent from others. This category, includes Fisher's
least significant difference (LSD), Bonferroni, Sidak, Scheffé, Tukey, Tukey-Kramer,
Hochberg's GF2, Gabriel, and Dunnett tests.

Stepwise tests are further classified as step-up and step-down ones. The stepwise
tests type I error according to the previously selected comparison results. Indeed, it per-
forms pairwise comparisons in a predetermined order, and each comparison is performed
if the result of the previous comparison is statistically significant. Ryan-Einot-Gabriel-
Welsch Q (REGWQ), Ryan-Einot-Gabriel-Welsch F (REGWF), Student-Newman-Keuls
(SNK), and Duncan tests are included in this group of tests. The SNK test, for example, is
a Stepwise MCT that compares means using the step-down procedure. As a result, the
means are ordered, with the largest and smallest being compared first. If the largest and
smallest means are statistically significant different, the next smallest is compared to the
largest, and the smallest is compared to the next largest, and so on until all comparisons
are completed. As a result, this method is known as the step-down method because the
extents of the differences decrease as the comparisons progress 15.

3.3. Common Types of Multiple comparison tests

Tukey, Newman-Keuls, Scheffe, Bonferroni, LSD, and Dunnet are some of the most
often used multiple comparison statistical tests.

34. Tukey's

Tukey's HSD (Honestly Significant Difference) (also called Tukey’s A and, some-
times, wholly significant difference [WSD] test is the most commonly used statistical test
for comparing all possible group pairings '8 . Tukey test has the advantages of testing all
pairwise differences, being simple to compute, and lowering the likelihood of making a
Type I error V7. Tukey's HSD was designed with equal variance and sample size. If these
assumptions are violated, the test may become too conservative or too liberal. Tukey's
HSD controls Type I error when assumptions are met, with power that is about average,
being greater than some and less than other MCTs. Tukey's HSD, on the other hand, does
not strictly control Type I error when assumptions are not met. Its main drawbacks are
that it is less powerful than some tests and also is not intended to test complex compari-
sons 22,

3.5. Student-Newman-Keuls (SNK)

The Student-Newman-Keuls (SNK) test is named after three papers published by
Student (1927), Newman (1939), and Keuls (1952). This test is a step-down test, which
means that extreme differences are tested first, and they are ordered from highest to low-
est. As it performs more pairwise comparisons than Tukey, this is a more powerful test
than Tukey. As a result, it is more likely that some differences will be statistically signifi-
cant. As a result, some differences are more likely to be statistically significant. It does,
however, frequently come with an increased family-wise error level. SNK should be used
in studies with equal group size 2.

3.6. Dunnett

Dunnett's test shows a large power. Dunnett test can be used when a researcher plan
to compare the treatment groups only to a single control group. The probability of reject-
ing Ho and the inflation of probability of type I error increases as the number of compari-
sons increases 8.

When we apply Dunnett's, we benefit from the extra power gained by making fewer
comparisons. Therefore, this test is a particularly powerful statistical test which can detect
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relatively small but significant differences between groups or combinations of groups.
Accordingly, when the following conditions are met, performing Dunnett's test is a good
option: 1. researcher plans to compare control group with all the other groups. 2. Accord-
ing to the study plan, it is not necessary to compare the treatment groups to each other V7.

3.7. Scheffee

This test is the most conservative post hoc test. Scheffee developed a test for compu-
ting all feasible comparisons at the same time (not just pairwise comparisons). Scheffee
test has the advantage of allowing a researcher to conduct any post-hoc comparison that
prefers. The scheffee test tends to be conservative and underpowered, therefore it is the
more appropriate test to utilize the consequences of a Type II error outweigh.

In circumstances that the theoretical background for differences between groups is
unavailable or there is insufficient information prior research to test the theory, scheffee
is a good exploratory statistical test as it tests all possible comparisons.

3.8. Bonferroni

Bonferroni test is less susceptible to Type I errors than the Scheffee test, but similar
to the Scheffee test, can be used to compare complex pairs. However, Bonferroni test is
not a tool for exploratory data analysis.

It necessitates that the researcher specifies all contrasts to be investigated. In order to
determine which contrasts to specify, the researcher needs to have strong hypothesis
about the phenomena of interest. As a result, the Bonferroni approach is more appropriate
to hypothesis testing studies that confirm a hypothesis about the experimental group’s
results 24,

As Bonferroni test outputs have reduced power when the number of comparisons is
large, it may be preferable for comparisons of a small number of groups means or pre-
planned comparisons of selected groups. The limitation of the Bonferroni test is that the
output tends to be too conservative and does not have enough power when the set of tests
is large, therefore, this test often fails to detect real differences %.

3.9. Possible Solutions for Second Mistake

As previously stated, post hoc tests are for controlling the family-wise error rate.
However, post hoc tests control the family-wise error rate by reducing the statistical
power of the comparisons. Power is the ability to detect a difference in the population.
Power in means comparison reflects the likelihood of corrected identifying a difference
between two groups' means. Conservative tests go to great lengths to ensure that the user
does not make a Type I error. They use stricter criteria to determine significance. Although
these tests provide protection against Type I error, they have some limitations. You lose
power as the tests become more stringent. Therefore, the choice of procedure should be
directed by a desire to control family-wise Type I error while also providing high power
21 (Fig 2).
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Dunnett

Newman-Keuls Tukey's HSD Bonferroni Scheffé

Figure 2. Comparative chart of multiple comparison tests base on power and conservative.

There is no set of rules for determining which test to be used, but it is critical to con-
sider the specific situation. Power can be an issue, so we should select tests with more
power than others, such as SNK. For example, when there were no drugs to treat a disease,
even minor differences between treatment groups were important. In this case, a Type I
error is not as dangerous as rejecting an effective drug for an unavoidably fatal disease
when there are no other options. Another application of the SNK test is sorting all treat-
ment means into treatment subsets. These subsets will be homogeneous in the sense that
they will not differ from each other, but they will differ from other subsets. The NK pro-
cedure establishes a higher confidence bound for the number of best treatments 2.

In general, the SNK statistic is appropriate for studies in which relatively small but
significant differences are sought, as well as where the consequences of a Type Il error are
worse than those of a Type I error. As a result, it is a useful tool in new areas of science
where little is known about the phenomena of interest 17.

The other issue is that groups may have different sample sizes or variance. Several
multiple comparison analysis tests (such as Tamhane's T2, Dunnett's T3, Games-Howell,
and Dunnett's C) was specifically developed to handle this problem.

For comparisons of a small number of groups mean or preplanned comparisons of
selected groups, Bonferroni test may be the best choice, but Bonferroni is not a good choice
for studies that groups are unequal in size.

In the studies in which it is not necessary to compare the treatment groups with each
other and only a control group is compared with other experimental groups, Dunnett's
test may be of choice.

Each test has its own set of applications, advantages, and limitations, and the ability
of certain statistics to address the questions of interest and the types of data to be analyzed
should be used to guide the selection of numerous comparative statistical tests. As a result,
it's critical that researchers choose the tests that best fit the data, the types of information
regarding group comparisons, and the analyses' required power.

4. How improve the quality of reporting?

Many papers do not provide enough information to determine why a specific test
was chosen, which type of test was used, or how the test result was verified. Statistical
method reporting (Report the reason for selection the statistical test) is required for study
evaluation and leads to a better understanding of studies. It also allows for the detection
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and correction of errors prior to publication. This information helps readers to understand
why the authors chose a specific statistical test.

A systematic review investigated the quality of reporting for two statistical tests, t-
tests and ANOV A test, in papers which are published in physiology journals in June 2017.
They found that95% of papers that used ANOVA test were lacking the information
needed to determine which type of ANOVA test was used, and 26.7% of papers did not
determine which post-hoc test was applied .

The observation report is another issue that can help to improve the report's quality.
We start the discussion with a question. How reporting the details of the statistical outputs
are critical? Many studies are restricted to reporting statistical findings. While many times
the biological studies do not fit within the framework of statistical assumptions. For ex-
ample, we found that the Morris water maze is one of the most commonly used tests in
behavioral neuroscience for investigating the psychological processes and neural mecha-
nisms of spatial learning and memory. The criterion for scoring the animal's behavior in
this behavioral test is reaching the platform. However, the interpretation of animal behav-
ior cannot be limited to this scoring. The pattern of animal behavior from Armon's begin-
ning to the platform can reveal a lot of information. Therefore, from our biological point
of view, one of the possible solutions to improve reporting is to dedicate a part of the
paper to report observations that may not fit in the form of statistical frameworks.

One of the limitations that appears to be one of the reasons for not mentioning the
selection criteria of statistical tests is the limitation of words for the main text of paper for
publishing in the journal. To address this issue, journals may count words without ac-
counting for statistical section as the same as references.

5. Conclusion

The ANOVA test is used widely in different areas of biological science. Classic
ANOVA test performs the best when data is homogeneous, normal, and balanced/unbal-
anced and the Welch test performs the best when data are heterogeneous normal, and
balanced/unbalanced.

Regarding the selection of MCT, each MCT is appropriate for some situations, the
standard of choice is the ability to control type 1 error and the degree of power detecting
the significant differences between groups.
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