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The Analysis of Variance (ANOVA) stands as a foundational method in inferential statistics. It is

specifically designed to assess whether statistically significant differences exist among the mean
values of three or more independent groups. This powerful technique is indispensable for
researchers across disciplines, providing a robust framework for comparing multiple treatment
effects simultaneously.

To better appreciate the utility of a one-way ANOVA, consider a classic research scenario:

Imagine a study where 90 student participants are randomly assigned to three distinct cohorts, with
30 students in each. Over a period of one month, each cohort employs a unique studying
technique (e.g., flashcards, focused reading, group discussion) to prepare for an identical
standardized examination.

The core objective of the researchers is to determine if the choice of studying technique exerts a
statistically meaningful influence on the students' final exam scores. By employing a one-way
ANOVA, researchers can rigorously test the null hypothesis that the mean scores of the three
experimental groups are equal.

Crucially, before interpreting the results of any ANOVA, researchers must confirm that the
underlying dataset rigorously satisfies three prerequisite statistical assumptions. If these conditions
are not met, the resulting F-statistic and p-values may be unreliable, potentially leading to
erroneous conclusions about group differences.

These three critical assumptions are:

1. Normality - The assumption that the population from which each sample is drawn follows a
normal distribution.

2. Homogeneity of Variance (Homoscedasticity) - The requirement that the variances (or

spread) of the scores in the populations are approximately equal across all comparison groups.

3. Independence - The observations must be independent of one another, both within and
between groups, ensured typically through proper random sampling or randomization.

This comprehensive guide provides a step-by-step methodology for checking each of these critical
assumptions, utilizing the R programming environment for practical demonstration, and outlines
the necessary corrective measures if any assumption is found to be severely violated.

Assumption #1: Assessing the Normality of Residuals

The first fundamental assumption for a parametric test like ANOVA dictates that the data--
specifically, the residuals of the statistical model--must be sampled from a population that adheres
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to a normal distribution. This condition is vital because the validity of the F-test relies heavily on the

underlying distribution of the sampling means, a principle rooted in the Central Limit Theorem.
When the residuals deviate significantly from normality, the calculated significance levels may be
distorted.

While ANOVA is often cited as being robust against minor violations of normality, particularly with
larger sample sizes, it remains best practice to verify this assumption rigorously. A combination of
visual inspection and formal statistical testing provides the most reliable assessment, preventing
over-reliance on a single metric.

Practical Methods for Checking Normality in R
Researchers typically employ a multi-pronged strategy to confirm the normality assumption:

Visual Examination: Generating graphical representations such as histograms and Q-Q plots
(Quantile-Quantile plots) to visually inspect the data's distribution shape against a theoretical
normal curve.

Formal Hypothesis Testing: Utilizing specific inferential tests, most commonly the Shapiro-Wilk
Test, the Kolmogorov-Smirnov test, or the D'Agostino-Pearson test, which provide an objective
measure of deviation from normality.

We will use a simulated weight-loss experiment dataset to illustrate these checks. Assume 90
participants were randomly divided into three programs (A, B, or C) for one month, with 30
participants per program. We intend to perform a one-way ANOVA to evaluate the effectiveness of
these programs. The following R commands demonstrate the process, focusing first on fitting the
model.

1. Fitting the One-Way ANOVA Model.

#make this example reproducible
set.seed(0)

#create data frame

data <- data.frame(program = rep(c("A", "B", "C"), each = 30),
weight_loss = c(runif(30, 0, 3),

runif(30, 0, 5),

runif(30, 1, 7)))

#fit the one-way ANOVA model
model <- aov(weight_loss ~ program, data = data)
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2. Visualizing the Distribution using a Histogram.

#create histogram
hist(data$weight_loss)

Histogram of data$weight_loss
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Upon visual examination of the histogram, the overall distribution of the dependent variable (weight
loss) does not clearly exhibit the symmetrical, bell-shaped curve typically associated with a normal
distribution. This initial skewed appearance raises an alert for a potential assumption violation,
necessitating a more detailed check using a Q-Q plot of the model residuals.

3. Creating a Q-Q Plot of the Model Residuals.

#create Q-Q plot to compare this dataset to a theoretical normal distribution

ggnorm(model$residuals)

#add straight diagonal line to plot
qqgline(model$residuals)
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Normal Q-Q Plot
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The Q-Q plot offers a highly sensitive visual diagnostic tool. For data to be considered normally
distributed, the plotted points must closely track the straight diagonal reference line. In this
example, we observe a distinct deviation from the line, particularly at both the lower and upper tails
(extremes) of the distribution. This pattern strongly suggests that the weight-loss variable does not
strictly conform to the expected normal distribution.

4. Conducting the Shapiro-Wilk Test for Normality.

#Conduct Shapiro-Wilk Test for normality
shapiro.test(data$weight_loss)

#Shapiro-Wilk normality test

#

#data: data$weight_loss

#W = 0.9587, p-value = 0.005999

The Shapiro-Wilk Test formally tests the null hypothesis ($H_0$) that the samples originate from a

normal distribution. Since the resulting p-value is 0.005999, which is significantly smaller than the
conventional alpha level ($alpha$) of 0.05, we must reject the null hypothesis. This rigorous
statistical test confirms the visual evidence: the data samples are highly unlikely to have been
drawn from a perfectly normal distribution.
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Strategies for Addressing Normality Violations

As mentioned previously, the one-way ANOVA is generally robust to mild violations of normality,
provided that the sample sizes are large and balanced across groups. Due to the Central Limit
Theorem, the distribution of group means tends toward normality even if the underlying data is
skewed, especially when $N$ is substantial.

It is also critical to understand that with extremely large datasets, formal tests like the Shapiro-Wilk
Test often yield statistically significant results (i.e., rejection of normality) even for trivial deviations.
Therefore, researchers should prioritize the visual interpretation of Q-Q plots and histograms to
gauge the practical severity of non-normality rather than relying solely on a small p-value.

If the assumption of normality is severely compromised, or if the sample size is small, two primary
corrective pathways are recommended:

Data Transformation: Applying a mathematical function (such as log transformation or square
root transformation) to the response variable in an effort to reshape the distribution closer to a
Gaussian form.

Non-Parametric Testing: Choosing a robust, non-parametric alternative to ANOVA, such as the
Kruskal-Wallis Test. This test compares medians rather than means and makes no assumption

regarding the distribution shape.

Assumption #2: Homogeneity of Variance (Homoscedasticity)

The second pillar supporting the validity of ANOVA is the assumption of Homogeneity of
Variance, often referred to by its technical term, Homoscedasticity. This assumption mandates that

the variances of the populations from which the samples are drawn must be statistically equivalent.
In simpler terms, the spread or variability of scores must be consistent across all groups being
compared.

Violation of this assumption (known as heteroscedasticity) means that the error term used in the
ANOVA calculations--the pooled variance estimate--is no longer an accurate representation of the
population variance. This inaccuracy can severely inflate the Type | error rate, leading to incorrect
rejection of the null hypothesis.

Methods for Checking Equal Variances in R

To check for equal variances, researchers again utilize both visual diagnostics and formal
statistical tests:

Visual Assessment: Using boxplots to graphically compare the interquartile range (IQR) and
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overall spread of data distributions among the different program groups.

Formal Testing: Employing specific tests like Bartlett's Test or Levene's Test. Levene's Test is
generally preferred as it is less sensitive to violations of the normality assumption than Bartlett's
Test.

Continuing with our weight-loss dataset, we demonstrate how to check for homogeneity of variance
in R.

1. Generating Comparative Boxplots.

#Create box plots that show distribution of weight loss for each group
boxplot(weight_loss ~ program, xlab='"Program’, ylab="Weight Loss', data=data)
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In a boxplot, the length of the box and the span of the whiskers visually represent the spread and
variability (variance) of the data within each group. Observing the plot above, the box and overall
distribution range for participants in Program C appear noticeably longer than those for Program A
and Program B. This clear difference in spread constitutes visual evidence suggesting a potential
violation of the Homogeneity of Variance assumption.

2. Conducting Bartlett's Test for Variance Equality.

#Conduct Bartlett's Test for Homogeneity of Variances
bartlett.test(weight_loss ~ program, data=data)

#Bartlett test of homogeneity of variances

#

#data: weight_loss by program

#Bartlett's K-squared = 8.2713, df = 2, p-value = 0.01599

Bartlett's Test evaluates the null hypothesis that all population variances are equal. Because our
calculated p-value is 0.01599, falling below the standard significance threshold of 0.05, we are
compelled to reject the null hypothesis. This formal statistical finding confirms the visual suspicion:
the data exhibits heteroscedasticity, meaning the group variances are statistically unequal.

PSYCHOLOGICAL STATISTICS statistics.arabpsychology.com



https://en.wikipedia.org/wiki/Homoscedasticity
https://en.wikipedia.org/wiki/Bartlett%27s_test
https://en.wikipedia.org/wiki/Bartlett%27s_test
https://statistics.arabpsychology.com/?p=14018
https://statistics.arabpsychology.com
https://statistics.arabpsychology.com

Understanding ANOVA Assumptions: A Guide for Beginners

Corrective Measures for Unequal Variances

The standard one-way ANOVA is remarkably robust to violations of the equal variances
assumption, provided that the experimental design is balanced--meaning the sample sizes ($n$)
are exactly equal across all groups. When sample sizes are equal, the violation is less likely to
severely affect the reliability of the F-test.

However, if the sample sizes are unequal (an unbalanced design) and the assumption of
Homogeneity of Variance is violated, the resulting p-values from a standard ANOVA are highly

unreliable. In such complex scenarios, researchers have two superior alternatives:

Use Welch's ANOVA: This is a powerful alternative test specifically engineered to handle
situations where variances are unequal. It adjusts the degrees of freedom to provide a more
accurate test statistic.

Non-Parametric Testing: Employ the Kruskal-Wallis Test, which is distribution-free and does not

require the assumption of variance equality, making it a reliable choice for severe violations.

Assumption #3: Independence of Observations

The assumption of Independence is arguably the most fundamental and non-negotiable
requirement for the validity of the ANOVA model. If this assumption is violated, subsequent
statistical calculations are rendered meaningless, regardless of whether normality or variance
assumptions hold true. This assumption dictates two core design requirements:

Observations within any single group must not influence each other (e.g., scores should not be
dependent on a shared factor or interaction).

Observations must have been collected using a sound methodological approach, typically involving
proper random sampling or a fully randomized experimental design.

Verification through Study Design

Unlike the previous two assumptions, the independence of observations cannot be verified using
formal statistical tests such as the Shapiro-Wilk Test or Bartlett's Test. This assumption is verified

exclusively through a meticulous review of the study's methodology and its execution.

To satisfy this requirement, researchers must ensure that participants were truly independent
entities and that the measurement collected from one participant provides no information about the
measurement of any other participant. For example, if treatments were administered to groups
simultaneously in a way that allowed interaction or contamination, independence is compromised.

A failure to uphold the independence assumption--for instance, if observations within a group
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influence each other (e.g., students in the same study group collaborate extensively, making their
scores dependent)--will lead to invalid ANOVA results. The calculated standard errors will be
biased, and the resulting inferences about population means will be untrustworthy.

If, post-data collection, this critical assumption is found to be violated, there are typically no simple
statistical fixes. The most responsible course of action is to acknowledge the severe limitation and,
if feasible, redesign and repeat the experiment using rigorous randomization techniques to ensure
the integrity and reliability of the statistical findings.

Further Reading:
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