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"Statistical significance is the least interesting thing about the results. You should describe the
results in terms of measures of magnitude - not just, does a treatment affect people, but how much
does it affect them." -Gene V. Glass

In the demanding world of quantitative research, scientists routinely rely on hypothesis testing to

assess whether differences observed between experimental groups are genuine or merely the
result of random chance. Tools such as the t-test excel at confirming the existence of a difference--

a concept known as statistical significance. However, this confirmation alone is often insufficient,
as it fails to communicate the real-world utility or the sheer magnitude of the finding.

Consider a classic experimental scenario: comparing the effectiveness of two distinct studying
technigues (A and B) on standardized test scores. We might enroll 20 students in Group A and 20
students in Group B. If a two-sample t-test yields an extremely low p-value (for instance, 0.001),
we confidently conclude that the mean test scores differ significantly. This outcome confirms that
the studying technique does have an impact.

Crucially, while the p-value confirms the presence of an effect, it remains silent regarding its size or
practical relevance. Did the intervention lead to a negligible rise of a fraction of a point, or did it
produce a massive, transformative improvement? To answer this fundamental question--to truly
understand the magnitude of the research outcome--we must shift our focus entirely to the
essential concept of effect size.

The Purpose of Effect Size: Quantifying the Strength of a Phenomenon

The term effect size refers to a quantitative index that explicitly measures the strength or
magnitude of a relationship between two variables or the difference between two groups. It is the
essential metric for moving beyond simple binary decisions (i.e., whether to reject the null
hypothesis) and into meaningful scientific interpretation.

Unlike the p-value, which calculates the probability of obtaining observed data (or more extreme
data) if the null hypothesis were true, the effect size provides a clear measure of practical
significance. For researchers, knowing how large an effect truly is often holds more value than
simply confirming its existence. Effect sizes allow for immediate, tangible interpretations of results
within real-world contexts, facilitating informed decision-making based on the robustness of the
findings.

The choice of calculation method for effect size is contingent upon the research design and the
type of data being analyzed. Depending on whether we are comparing means, measuring
correlation, or assessing categorical outcomes, specific standardized metrics are employed to
accurately convey the magnitude of the observed phenomenon.
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Key Measures of Magnitude: Standardized Effect Size Metrics

Quantitative research relies on several standardized metrics to calculate and report effect sizes
accurately. These metrics fall into distinct categories, each tailored to different types of statistical
comparisons. We focus here on the three most prevalent measures used globally by researchers
to quantify magnitude.

1. Standardized Mean Difference (Cohen's d)

When the primary objective of a study is to compare the average scores (means) of two or more
distinct groups, the most suitable effect size measure is the Standardized Mean Difference. Within

this category, Cohen's d stands out as the most widely used metric. This statistic expresses the
difference between the two group means not in raw score units, but in units of the pooled standard
deviation.

This standardization process is vital because it makes the effect size scale-invariant, allowing for
meaningful comparisons across studies that might use different measurement instruments. The
core calculation for Cohen's d is structured as follows:

Cohen'sd=(x1-x2)/s

In this formula, x1 and x2 represent the sample means of the respective groups, and s denotes the
pooled standard deviation of the population. Essentially, d tells us how many standard deviations
separate the average person in one group from the average person in the other group.

Interpreting the value of d provides an immediate, intuitive understanding of the separation
between the distributions:

A d of 1 signifies that the two group means are exactly one standard deviation apart.

A d of 0.5 is conventionally considered a medium effect, meaning the means are separated by half
a standard deviation.

A d of 2.5 indicates a massive separation, where the means differ by 2.5 standard deviations.

Another powerful way to grasp the practical implications of Cohen's d is through the concept of
distribution overlap. For instance, an effect size of 0.3 means the score of the average individual in
the higher-scoring group (Group 2) exceeds the scores of 62% of the individuals in the lower-
scoring group (Group 1). The following table further clarifies this relationship between the
magnitude of the effect size and the degree of percentile overlap between the two distributions.

Effect Size (d) Percentage of Group 2 who would be below average person in Group 1

0.0 50%
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0.2 58%
0.4 66%
0.6 73%
0.8 79%
1.0 84%
1.2 88%
1.4 92%
1.6 95%
1.8 96%
20 98%
2.5 99%
3.0 99.9%

The key takeaway is proportionality: a higher absolute value of d indicates a greater separation
and, therefore, a larger, more impactful effect. Conventional benchmarks suggest that an effect
size below 0.2 is typically trivial, 0.5 is medium, and 0.8 or greater represents a large effect. This
standard interpretation provides the necessary context often lost when relying solely on a low p-
value.

2. Correlation Coefficient (r)

When researchers aim to quantify the linear relationship or association between two continuous
variables, the Pearson Correlation Coefficient, denoted by r, serves as the standard effect size

metric. This statistic measures the strength and direction of the linear dependence between
variables X and Y, yielding a value strictly bounded between -1 and 1.

The interpretation of the correlation coefficient is directly related to its distance from zero,
representing the absence of a linear relationship:

An r value approaching -1 indicates a perfectly negative linear correlation; as one variable
increases, the other decreases proportionally.

A value of 0 suggests that there is no linear association between the variables being measured.

An r value approaching 1 denotes a perfectly positive linear correlation; both variables increase or
decrease together proportionally.

The further the absolute value of r is from zero, the stronger the linear association between the
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variables. This relationship is often best illustrated graphically using a scatterplot. For instance, the
scatterplot below visually represents two variables with a strong positive relationship,
corresponding to a correlation coefficient of r = 0.94. This high value confirms a powerful and direct
association.
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Conversely, the subsequent scatterplot demonstrates two variables exhibiting virtually no linear
pattern, resulting in a correlation coefficient of r = 0.03. Since this metric is extremely close to zero,
we conclude that the linear association between these variables is negligible.
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Interpreting the magnitude of r often follows Cohen's guidelines: an absolute value around 0.1 is
considered a small effect, 0.3 a medium effect, and 0.5 or greater a large effect. Researchers
must, however, anchor these benchmarks in the context of their specific scientific domain, as
standards for "strong" correlations vary significantly across fields like sociology, biology, and
physics.

3. Odds Ratio (OR)

For studies involving categorical data, particularly those comparing the likelihood of a binary
outcome (e.g., disease presencel/absence, success/failure) across two groups, the Odds Ratio
(OR) is the authoritative measure of effect size. The OR quantifies the odds of a specific outcome
occurring in an intervention or treatment group relative to the odds of that outcome occurring in a
control or baseline group.

The odds ratio is typically calculated from a 2x2 contingency table that summarizes the frequencies
of outcomes for both groups:

Group # Successes (Outcome 1) # Failures (Outcome 2)
Treatment Group A B
Control Group C D

The calculation involves the ratio of the cross-products of these counts:
Odds ratio = (AD) / (BC)

A resultant odds ratio of exactly 1.0 signifies no effect; the likelihood of the outcome is identical in
both groups. If the OR is greater than 1, the odds are higher in the treatment group; if the OR is
less than 1, the odds are lower in the treatment group. The greater the deviation of the OR from 1
(in either direction), the stronger the effect of the intervention is deemed to be.

The Indispensable Role of Effect Sizes Versus P-Values

Although the p-value retains its role in determining whether a finding is statistically discernible from
chance, effect sizes provide the necessary context to assess the true value of research. Effect
sizes shift the scientific dialogue from merely confirming existence to evaluating true relevance and
impact, offering several critical advantages over traditional significance testing.

Quantifying Practical Significance: The primary benefit is providing a concrete measure of how
much of a difference exists or how strong a relationship is. A p-value only yields a probability
based on the null hypothesis, whereas the effect size communicates the real-world utility and
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importance of the outcome.

Enabling Comparative Research: Effect sizes are standardized measures that are independent
of the specific sample size and the units of measurement used in a study. This standardization
makes them the fundamental currency for comparing results across heterogeneous studies, a
capability central to powerful techniques like meta-analyses.

Mitigating Sample Size Bias: One of the most severe limitations of the p-value is its high
sensitivity to large sample sizes (N). A massive N can inflate the statistical power, enabling the test
to register even minuscule, clinically or practically irrelevant effects as "statistically significant" (i.e.,
resulting in a very low p-value). Effect sizes, by contrast, remain robust and accurately reflect the
true magnitude, regardless of the sample size inflation.

To demonstrate the issue of sample size bias, let us reconsider the scenario of the two studying
techniques. Suppose we initially test two small groups (N=20 each). Group 1 scores an average of
90.65 (SD=2.77) and Group 2 scores 90.75 (SD=2.78). This minimal difference results in a test
statistic t of -0.113 and a high p-value of 0.91, correctly indicating no significant difference.

However, if we dramatically increase the sample size to N=200 per group while maintaining the
exact same means and standard deviations, the independent two-sample t-test now produces a
test statistic t of -1.97. This larger statistic pushes the corresponding p-value just under the
conventional 0.05 threshold. Despite the actual difference in scores remaining trivially small (0.1
points), the finding is now labeled "statistically significant."

This inflation occurs because the test statistic t formula incorporates the sample sizes (n1 and n2)
in its denominator:

test statistict =/ (Vs21/nl +s22/n2)

As the sample sizes (nl1 and n2) increase, the entire denominator shrinks. Dividing by a smaller
number results in a larger test statistic t and, consequently, a smaller p-value. This undeniable
mathematical relationship underscores why relying solely on p-values can be misleading; effect
size provides the essential measure of the true magnitude that the p-value obscures.

Interpreting Magnitude: Conventional Rules of Thumb

Researchers frequently seek guidelines to categorize their calculated effect sizes. It is crucial to
remember that effect size is a neutral, quantitative measure; it is neither inherently "good" nor
"bad," but simply quantifies the observed magnitude. Nevertheless, conventional rules of thumb,
particularly those established by Jacob Cohen, offer researchers a standardized vocabulary for
communicating the relative strength of their findings.

The widely accepted benchmarks for interpreting the magnitude of Cohen's D are as follows:
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A d value of 0.2 or less is conventionally considered to be a small effect size, often indicating a
minor, subtle difference.

A d value around 0.5 is categorized as a medium effect size, representing a difference that is
visible to the naked eye.

A d value of 0.8 or greater is classified as a large effect size, denoting a substantial, major
difference between groups.

For the Pearson Correlation Coefficient (r), researchers typically apply the following guidelines,
based on the absolute value of the coefficient:

An absolute value of r around 0.1 is considered a low effect size or a weak correlation.

An absolute value of r around 0.3 is considered a medium effect size.

An absolute value of r greater than 0.5 is considered to be a large effect size or a strong
correlation.

It is essential that these quantitative benchmarks are interpreted within the context of the research
domain. An effect size considered weak in a highly controlled field like experimental psychology
might be considered remarkably strong in complex, observational fields like environmental science
or epidemiology. Therefore, researchers must always consult established literature specific to their
discipline to determine the most meaningful interpretation thresholds for their results.
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