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The Logic of Hypothesis Testing

• A hypothesis test (假设检验) is a statistical method that
uses sample data to evaluate a hypothesis about a
population.
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The Logic of Hypothesis Testing

• First, we state a hypothesis about a population.

• Before we select a sample, we use the hypothesis to predict
the characteristics that the sample should have.

• Next, we obtain a random sample from the population.

• Finally, we compare the obtained sample data with the
prediction that was made from the hypothesis.

If the sample
mean is consistent with the prediction, we conclude that the
hypothesis is reasonable. But if there is a big discrepancy
between the data and the prediction, we decide that the
hypothesis is wrong.
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The Logic of Hypothesis Testing

• Depending on the type of research and the type of data, the
details of the hypothesis test change from one research
situation to another.

• In later chapters, we examine different versions of hypothesis
testing that are used for different kinds of research.

• For now, however, we focus on the basic elements that are
common to all hypothesis tests.

• To accomplish this general goal, we will examine a hypothesis
test as it applies to the simplest possible situation:

• Using a sample mean to test a hypothesis about a population
mean.
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The Unknown Population
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The Four Steps of a Hypothesis Test

1. Step 1: State the hypothesis

2. Step 2: Set the criteria for a decision

3. Step 3: Collect data and compute sample statistics

4. Step 4: Make a decision
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Step 1: State the Hypothesis

• The process of hypothesis testing begins by stating a
hypothesis about the unknown population.

• Actually, we state two opposing hypotheses:
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The null hypothesis

• The null hypothesis (H0) (零假设) states that in the
general population there is no change, no difference, or no
relationship.

• In the context of an experiment, H0 predicts that the
independent variable (treatment) has no effect on the
dependent variable (scores) for the population.
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The alternative hypothesis

• The alternative hypothesis (H1) (备择假设) states that
there is a change, a difference, or a relationship for the
general population.

• In the context of an experiment, H1 predicts that the
independent variable (treatment) does have an effect on the
dependent variable.

• NOTE: The null hypothesis and the alternative hypothesis are
mutually exclusive and exhaustive. They cannot both be true.
The data will determine which one should be rejected.
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Step 2: Set the criteria for a decision

• Eventually the researcher will use the data from the sample
to evaluate the credibility of the null hypothesis.

• The data will either provide support for the null hypothesis or
tend to refute the null hypothesis.

• In particular, if there is a big discrepancy between the data
and the hypothesis, we will conclude that the hypothesis is
wrong.
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Step 2: Set the criteria for a decision

• To formalize the decision process, we use the null hypothesis
to predict the kind of sample mean that ought to be obtained.

• Specifically, we determine exactly which sample means are
consistent with the null hypothesis and which sample means
are at odds with the null hypothesis.
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Step 2: Set the criteria for a decision

According to the null hypothesis, the distribution of sample means
is then divided into two sections.

• Sample means that are likely to be obtained if H0 is true; that
is, sample means that are close to the null hypothesis.

• Sample means that are very unlikely to be obtained if H0 is
true; that is, sample means that are very different from the
null hypothesis.
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Step 2: Set the criteria for a decision

X

Reject H0Reject H0

The distribution of sample means if the null hypothesis is true 
 (all the possible outcomes)

Sample means close to H0: 
 high−probability values if H0 is true

Extreme, 
 low probability values

Extreme, 
 low probability values
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Step 2: Set the criteria for a decision

• To find the boundaries that separate the high-probability
samples from the low-probability samples, we must define
exactly what is meant by “low” probability and “high”
probability.

• The alpha level (α水平), or the level of significance (显
著性水平), is a probability value that is used to define the
concept of “very unlikely” in a hypothesis test.

• By convention, commonly used alpha levels are α = .05%,
α = .01%, and α = .001%.
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Step 2: Set the criteria for a decision

• The critical region (临界区域) is composed of the extreme
sample values that are very unlikely (as defined by the alpha
level) to be obtained if the null hypothesis is true.

The
boundaries for the critical region are determined by the alpha
level. If sample data fall in the critical region, the null
hypothesis is rejected.
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Step 2: Set the criteria for a decision

• Technically, the critical region is defined by sample outcomes
that are very unlikely to occur if the treatment has no effect
(that is, if the null hypothesis is true).

• Reversing the point of view, we can also define the critical
region as sample values that provide convincing evidence
that the treatment really does have an effect.
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Step 2: Set the criteria for a decision

• To determine the exact location for the boundaries that define
the critical region, we use the alpha-level probability and the
unit normal table.
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Step 2: Set the criteria for a decision

σM = 0.4

n = 36

µ0 = 15.8 M

z

2.50%

15.0215.02

−1.96

2.50%

16.5816.58

1.96

Reject H0Reject H0
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Step 3: Collect data and compute sample statistics

• Notice that the data are collected after the researcher has
stated the hypotheses and established the criteria for a
decision.

• This sequence of events helps ensure that a researcher
makes an honest, objective evaluation of the data and does
not tamper with the decision criteria after the experimental
outcome is known.
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Step 3: Collect data and compute sample statistics

• Next, the raw data from the sample are summarized with the
appropriate statistics: For this example, the researcher would
compute the sample mean.

• Now it is possible for the researcher to compare the sample
mean (the data) with the null hypothesis. This is the heart of
the hypothesis test: comparing the data with the hypothesis.
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Step 3: Collect data and compute sample statistics

• The comparison is accomplished by computing a z-score that
describes exactly where the sample mean is located relative
to the hypothesized population mean from H0.

• In Step 2, we constructed the distribution of sample means
that would be expected if the null hypothesis were true—that
is, the entire set of sample means that could be obtained if
the treatment has no effect.

• Now we calculate a z-score that identifies where our sample
mean is located in this hypothesized distribution.
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Step 3: Collect data and compute sample statistics

• The z-score formula for a sample mean is

z =
M− µ

σM

⇓

=
sample mean− hypothesized population mean

standard error between M and µ
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Step 4: Make a decision

• In the final step, the researcher uses the z-score value
obtained in Step 3 to make a decision about the null
hypothesis according to the criteria established in Step 2.

• There are two possible outcomes.

25/137



Step 4: Make a decision

• In the final step, the researcher uses the z-score value
obtained in Step 3 to make a decision about the null
hypothesis according to the criteria established in Step 2.

• There are two possible outcomes.

25/137



Step 4: Make a decision

• In the final step, the researcher uses the z-score value
obtained in Step 3 to make a decision about the null
hypothesis according to the criteria established in Step 2.

• There are two possible outcomes.

25/137



Step 4: Make a decision

• The sample data are located in the critical region.

• By definition, a sample value in the critical region is very
unlikely to occur if the null hypothesis is true.

• Therefore, we conclude that the sample is not consistent with
H0 and our decision is to reject the null hypothesis (拒绝零
假设).

• Remember, the null hypothesis states that there is no
treatment effect, so rejecting H0 means we are concluding
that the treatment did have an effect.
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Step 4: Make a decision

• An Analogy for Hypothesis Testing

• The process that takes place during a jury trial.

• Innocent until proven guilty.
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A Closer Look at the z-Score Statistic

• The z-score statistic that is used in the hypothesis test is the
first specific example of what is called a test statistic (检验
统计量).

• The term test statistic simply indicates that the sample data
are converted into a single, specific statistic that is used to
test the hypotheses.

• In the chapters that follow, we introduce several other test
statistics that are used in a variety of different research
situations.

• However, most of the new test statistics have the same basic
structure and serve the same purpose as the z-score.
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A Closer Look at the z-Score Statistic

• The z-score equation as a formal method for comparing the
sample data and the population hypothesis.

z =
M− µ

σM

• The z-Score Formula as a Recipe

• The z-Score Formula as a Ratio
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The z-Score Formula as a Recipe

• The z-score formula, like any formula, can be viewed as a
recipe.

• If you follow instructions and use all the right ingredients, the
formula produces a z-score.

• In the hypothesis-testing situation, however, you do not have
all the necessary ingredients.

• Specifically, you do not know the value for the population
mean (µ), which is one component or ingredient in the
formula.
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The z-Score Formula as a Ratio

z =
M− µ

σM

=
sample mean− hypothesized population mean

standard error between M and µ

=
actual difference between the sample (M) and the hypothesis (µ)

standard difference between M and µ with no treatment
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An example: Wearing red and attractiveness



Wearing red and attractiveness

• Previous research indicates that men rate women as being
more attractive when they are wearing red (Elliot & Niesta,
2008).

• Gueguen and Jacob (2012) reasoned that the same
phenomenon might influence the way that men react to
waitresses wearing red.
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Wearing red and attractiveness

• Waitresses (and waiters) at the restaurant routinely wear
white shirts with black pants and restaurant records indicate
that the waitress’ tips from male customers average
µ = 15.8 percent with a standard deviation of σ = 2.4
percentage points. The distribution of tip amounts is roughly
normal.

• During the study, the waitresses are asked to wear red shirts
and the researcher plans to record tips for a sample of
n = 36 male customers.
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Wearing red and attractiveness

• If the mean tip for the sample is noticeably different from the
baseline mean, the researcher can conclude that wearing the
color red does appear to have an effect on tipping.

• On the other hand, if the sample mean is still around 15.8
percent (the same as the baseline), the researcher must
conclude that the red shirt does not appear to have any
effect.
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A Summary of the Hypothesis Test

1. State the hypotheses and select an alpha level

2. Locate the critical region

3. Compute the test statistic (the z-score)

4. Make a decision
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State the hypotheses and select an alpha level

• The red shirt has no effect on tipping behavior for the
population of male customers.

•
H0 : µ with red shirt = 15.8

• Even with a red shirt, the mean is still 15.8 percent.
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State the hypotheses and select an alpha level

• The red shirt does have an effect on tipping for the
population and will cause a change in the mean score.

•
H1 : µ with red shirt ̸= 15.8

• With a red shirt, the mean tip will be different from 15.8
percent.
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State the hypotheses and select an alpha level

• We set α = .05.
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Locate the critical region

• For a normal distribution with α = .05, the critical region
consists of sample means that produce z-scores in the
extreme tails of the distribution beyond z = ±1.96.
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Step 2: Set the criteria for a decision

σM = 0.4

n = 36

µ0 = 15.8 M

z

2.50%

15.0215.02

−1.96

2.50%

16.5816.58

1.96

Reject H0Reject H0
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Compute the test statistic (the z-score)

• The waitress’ tips from male customers average µ = 15.8
percent with a standard deviation of σ = 2.4 percentage
points.

• Suppose the sample with n = 36 individuals produced a
mean tip of M = 16.7 percent.

• The standard error for the sample mean is

σM =
σ√
n
=

2.4
6

= 0.4

• Thus, a sample mean of M = 16.7 produces a z-score of

z =
M− µ

σM
=

16.7− 15.8
0.4

=
0.9
0.4

= 2.25
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Make a decision

• The z-score is in the critical region, which means that this
sample mean is very unlikely if the null hypothesis is true.

• Therefore, we reject the null hypothesis and conclude that
wearing a red shirt did have an effect on the men’s tipping.
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Compute the test statistic (the z-score)

• Suppose the sample with n = 36 individuals produced a
mean tip of M = 16.1 percent.

• It produces a z-score of

z =
M− µ

σM
=

16.1− 15.8
0.4

=
0.3
0.4

= 0.75
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Another example



One more example

• A normal population has a mean µ = 40 and a standard
deviation of σ = 8.

• After a treatment is administered to a sample of n = 16
individuals from the population, the sample mean is found to
be M = 45.

• Does this sample provide sufficient evidence to reject the null
hypothesis and conclude that there is a significant treatment
effect with an alpha level of α = .05?

• z = 2.50
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Errors in Hypothesis Testing

• Hypothesis testing is an inferential process (推论过程),
which means that it uses limited information as the basis for
reaching a general conclusion.

• Specifically, a sample provides only limited or incomplete
information about the whole population, and yet a hypothesis
test uses a sample to draw a conclusion about the
population.

• In this situation, there is always the possibility that an
incorrect conclusion will be made.

• In a hypothesis test, there are two different kinds of errors
that can be made.
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Type I Errors

• A Type I error (I类错误) occurs when a researcher rejects a
null hypothesis that is actually true.

In a typical research
situation, a Type I error means the researcher concludes that
a treatment does have an effect when in fact it has no effect.
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The Probability of a Type I Error

• A Type I error occurs when a researcher unknowingly obtains
an extreme, nonrepresentative sample.

• The alpha level (α水平) for a hypothesis test is the
probability that the test will lead to a Type I error.

That is, the
alpha level determines the probability of obtaining sample
data in the critical region even though the null hypothesis is
true.
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Type II Errors

• A Type II error (II类错误) occurs when a researcher fails to
reject a null hypothesis that is really false.

In a typical
research situation, a Type II error means that the hypothesis
test has failed to detect a real treatment effect.

• The consequences of a Type II error are usually not as serious
as those of a Type I error.
falsely identifying culpability

Failing to find a culpable person guilty
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Type II Errors

• Unlike a Type I error, it is impossible to determine a single,
exact probability for a Type II error.

• Instead, the probability of a Type II error depends on a variety
of factors and therefore is a function, rather than a specific
number.

• Nonetheless, the probability of a Type II error is represented
by the symbol β, the Greek letter beta.
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Possible outcomes of a statistical decision

Actual Situation
No Effect Effect Exists
H0 True H0 False

Experimenter
decision

Reject H0 Type I error
Decision correct
(Statistical power)

Fail to Reject H0 Decision correct Type II error
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Selecting an alpha level

σM = 2.5

n = 36

µ0 = 100 M

z

2.50%

95.195.1

−1.96

2.50%

104.9104.9

1.96

Reject H0Reject H0
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Selecting an alpha level

σM = 2.5

n = 36

µ0 = 100 M

z

0.50%

93.5693.56

−2.58

0.50%

106.44106.44

2.58

Reject H0Reject H0

56/137



Selecting an alpha level

σM = 2.5

n = 36

µ0 = 100 M

z

0.05%

91.7791.77

−3.29

0.05%

108.23108.23

3.29

Reject H0Reject H0
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A Summary of the Hypothesis Test

1. State the hypotheses and select an alpha level

2. Locate the critical region

3. Compute the test statistic (the z-score)

4. Make a decision
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Reporting the Results of the Statistical Test

• Wearing a red shirt had a significant effect on the size of the

tips left by male customers, z = 2.25, p < .05.
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Reporting the Results of the Statistical Test

• First, what is meant by the word significant?

• A result is said to be significant (显著) or statistically
significant (统计显著) if it is very unlikely to occur when
the null hypothesis is true.

That is, the result is sufficient to
reject the null hypothesis. Thus, a treatment has a significant
effect if the decision from the hypothesis test is to reject H0.
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Reporting the Results of the Statistical Test

• Next, what is the meaning of z = 2.25?

• The z indicates that a z-score was used as the test statistic to
evaluate the sample data and that its value is 2.25.

• Finally, what is meant by p < .05?

• This part of the statement is a conventional way of specifying
the alpha level that was used for the hypothesis test.

• It also acknowledges the possibility (and the probability) of a
Type I error.
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Alpha Level and Decision

X

Reject H0Reject H0

P >  α

Fail to reject H0

P <  α P <  α
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Reporting the Results of the Statistical Test

• In circumstances in which the statistical decision is to fail to
reject H0, the report might state that.

• There was no evidence that the red shirt had an effect on the

size of the tips left by male customers, z = 0.75, p > .05.
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Reporting the Results of the Statistical Test

• When a hypothesis test is conducted using a computer
program, the printout often includes not only a z-score value
but also an exact value for p, the probability that the result
occurred without any treatment effect.

• Wearing a red shirt had a significant effect on the size of the

tips left by male customers, z = 2.25, p = .0244.

• When using exact values for p, however, you must still satisfy
the traditional criterion for significance;
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Factors That Influence a Hypothesis Test

• The z-score

z =
M− µ

σM

• The difference between the sample mean and the
hypothesized population mean from H0.

• The standard error
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Factors That Influence a Hypothesis Test

• The standard error is determined by the variability of the
scores (standard deviation or the variance) and the number
of scores in the sample (n).

σM =
σ√
n
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Factors That Influence a Hypothesis Test

• The Variability of the Scores

(16.7 - 15.8) / (2.4 / sqrt(36))

## [1] 2.25

(16.7 - 15.8) / (5.4 / sqrt(36))

## [1] 1

• The Number of Scores in the Sample

(16.7 - 15.8) / (2.4 / sqrt(144))

## [1] 4.5
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Assumptions for Hypothesis Tests with z-Scores

• Random Sampling

• Independent Observations

• The Value of σ Is Unchanged by the Treatment

• Normal Sampling Distribution
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Independent Observations

• Gambler’s fallacy

• Sampling without replacement
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Independent Observations: A counter-example

• A researcher is interested in examining television preferences
for children.

• To obtain a sample of n = 20 children, the researcher selects
4 children from family A, 3 children from family B, 5 children
from family C, 2 children from family D, and 6 children from
family E.
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The Value of σ Is Unchanged by the Treatment

• A critical part of the z-score formula in a hypothesis test is
the standard error, σM.

• To compute the value for the standard error, we must know
the sample size (n) and the population standard deviation
(σ).

• In a hypothesis test, however, the sample comes from an
unknown population.

• If the population is really unknown, it would suggest that we
do not know the standard deviation and, therefore, we cannot
calculate the standard error.
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The Value of σ Is Unchanged by the Treatment

• To solve this dilemma, we have made an assumption.

• Specifically, we assume that the standard deviation for the
unknown population (after treatment) is the same as it was
for the population before treatment.

• Actually, this assumption is the consequence of a more
general assumption that is part of many statistical
procedures.

• This general assumption states that the effect of the

treatment is to add a constant amount to (or subtract a

constant amount from) every score in the population.
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Normal Sampling Distribution

• To evaluate hypotheses with z-scores, we have used the unit
normal table to identify the critical region.

• This table can be used only if the distribution of sample
means is normal.
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Standard, or two-tailed hypothesis tests

• The hypothesis-testing procedure presented in the Sections
8.2 and 8.3 is the standard, or two-tailed, test format.

• The term two-tailed comes from the fact that the critical
region is divided between the two tails of the distribution.
This format is by far the most widely accepted procedure for
hypothesis testing.

• Nonetheless, there is an alternative that is discussed in this
section.
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Directional (One-Tailed) Hypothesis Tests

• In a directional hypothesis test (方向性的假设检验), or
a one-tailed test (单尾检验), the statistical hypotheses (H0

and H1) specify either an increase or a decrease in the
population mean.

That is, they make a statement about the
direction of the effect.
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The Directional Test: An example

• In the study, each participant in a sample of n = 36 was
served by a waitress wearing a red shirt and the size of the
tip was recorded.

• For the general population of male customers (with
waitresses wearing a white shirt), the distribution of tips was
roughly normal with a mean of µ = 15.8 percent and a
standard deviation of σ = 2.4 percentage points. For this
example, the expected effect is that the color red will
increase tips.

• If the researcher obtains a sample mean of M = 16.5 percent
for the n = 36 participants, is the result sufficient to conclude
that the red shirt really increases tips?
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The Hypotheses for a Directional Test

• Null Hypothesis: The treatment does not work.

H0: Tips are not increased.

• Alternative Hypothesis: The treatment works as predicted.

H1: Tips are increased.
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The Hypotheses for a Directional Test

To express directional hypotheses in symbols, it usually is easier to
begin with the alternative hypothesis (H1).

• Alternative Hypothesis: With the red shirt, the average tip is
greater than 15.8 percent.

H1: µ > 15.8

• Null Hypothesis: With the red shirt, the average tip is not
greater than 15.8.

H0: µ ≤ 15.8

Note again that the two hypotheses are mutually exclusive and
cover all of the possibilities.
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The Critical Region for Directional Tests

• If the prediction is that the treatment will produce an increase

in scores, the critical region is located entirely in the
right-hand tail of the distribution.

• If the prediction is that the treatment will produce a decrease

in scores, the critical region is located entirely in the left-hand
tail of the distribution.
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The Critical Region for Directional Tests

• Because the critical region is contained in one tail of the
distribution, a directional test is commonly called a one-tailed
test.

• Also note that the proportion specified by the alpha level is
not divided between two tails, but rather is contained entirely
in one tail.
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The Critical Region for Directional Tests

Notice that a directional (one-tailed) test requires two changes in
the step-by-step hypothesis-testing procedure:

• In the first step of the hypothesis test, the directional
prediction is incorporated into the statement of the
hypotheses.

• In the second step of the process, the critical region is
located entirely in one tail of the distribution.

After these two changes, a one-tailed test continues exactly the
same as a regular two-tailed test.
Specifically, you calculate the z-score statistic and then make a de-
cision about H0 depending on whether the z-score is in the critical
region.
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The Critical Region for Directional Tests
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z
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The Critical Region for Directional Tests
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The Critical Region for Directional Tests

• For this example, the researcher obtained a mean of
M = 16.5 percent for the 36 participants who were served by
a waitress in a red shirt.

• This sample mean corresponds to a z-score of

z =
M− µ

σM
=

16.5− 15.8
0.4

=
0.7
0.4

= 1.75

• A z-score of z = 1.75 is in the critical region for a one-tailed
test. This is a very unlikely outcome if H0 is true.

• Therefore, we reject the null hypothesis and conclude that
the red shirt produces a significant increase in tips from male
customers.
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Reporting the Results of the Statistical Test

• In the literature, this result would be reported as follows:

Wearing a red shirt produced a significant increase in

tips, z = 1.75, p < .05, one tailed.

• Note that the report clearly acknowledges that a one-tailed
test was used.
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Comparison of One-Tailed vs. Two-Tailed Tests



The logic of the hypothesis testing

• The general goal of hypothesis testing is to determine
whether a particular treatment has any effect on a
population.

• The test is performed by selecting a sample, administering
the treatment to the sample, and then comparing the result
with the original population.

• If the treated sample is noticeably different from the original
population, then we conclude that the treatment has an
effect, and we reject H0.

• On the other hand, if the treated sample is still similar to the
original population, then we conclude that there is no
convincing evidence for a treatment effect, and we fail to
reject H0.
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The logic of the hypothesis testing

• The critical factor in this decision is the size of the difference
between the treated sample and the original population.

• A large difference is evidence that the treatment worked; a
small difference is not sufficient to say that the treatment has
any effect.
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Comparison of One-Tailed vs. Two-Tailed Tests

• The major distinction between one-tailed and two-tailed tests
is in the criteria they use for rejecting H0.

• A one-tailed test allows you to reject the null hypothesis
when the difference between the sample and the population
is relatively small, provided the difference is in the specified
direction.

• A two-tailed test, on the other hand, requires a relatively
large difference independent of direction.
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Comparison of One-Tailed vs. Two-Tailed Tests
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Comparison of One-Tailed vs. Two-Tailed Tests

• In general, two-tailed tests should be used in research
situations when there is no strong directional expectation or
when there are two competing predictions.

• One-tailed tests should be used only in situations when the
directional prediction is made before the research is
conducted and there is a strong justification for making the
directional prediction.

• In particular, if a two-tailed test fails to reach significance,
you should never follow up with a one-tailed test as a second
attempt to salvage a significant result for the same data.
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The Two Serious Limitations



The first limitation

There are two serious limitations with using a hypothesis test to
establish the significance of a treatment effect.

• The first concern is that the focus of a hypothesis test is on
the data rather than the hypothesis.

• Specifically, when the null hypothesis is rejected, we are
actually making a strong probability statement about the
sample data, not about the null hypothesis.

• A significant result permits the following conclusion: This
specific sample mean is very unlikely (p < .05) if the null

hypothesis is true.

96/137



The first limitation

There are two serious limitations with using a hypothesis test to
establish the significance of a treatment effect.

• The first concern is that the focus of a hypothesis test is on
the data rather than the hypothesis.

• Specifically, when the null hypothesis is rejected, we are
actually making a strong probability statement about the
sample data, not about the null hypothesis.

• A significant result permits the following conclusion: This
specific sample mean is very unlikely (p < .05) if the null

hypothesis is true.

96/137



The first limitation

There are two serious limitations with using a hypothesis test to
establish the significance of a treatment effect.

• The first concern is that the focus of a hypothesis test is on
the data rather than the hypothesis.

• Specifically, when the null hypothesis is rejected, we are
actually making a strong probability statement about the
sample data, not about the null hypothesis.

• A significant result permits the following conclusion: This
specific sample mean is very unlikely (p < .05) if the null

hypothesis is true.

96/137



The first limitation

There are two serious limitations with using a hypothesis test to
establish the significance of a treatment effect.

• The first concern is that the focus of a hypothesis test is on
the data rather than the hypothesis.

• Specifically, when the null hypothesis is rejected, we are
actually making a strong probability statement about the
sample data, not about the null hypothesis.

• A significant result permits the following conclusion: This
specific sample mean is very unlikely (p < .05) if the null

hypothesis is true.

96/137



The first limitation

• Note that the conclusion does not make any definite
statement about the probability of the null hypothesis being
true or false.

• The fact that the data are very unlikely suggests that the null
hypothesis is also very unlikely, but we do not have any solid
grounds for making a probability statement about the null
hypothesis.

• Specifically, you cannot conclude that the probability of the
null hypothesis being true is less than 5% simply because you
rejected the null hypothesis with α = .05.
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The second limitation

• A second concern is that demonstrating a significant
treatment effect does not necessarily indicate a substantial
treatment effect.

• In particular, statistical significance does not provide any real
information about the absolute size of a treatment effect.

• Instead, the hypothesis test has simply established that the
results obtained in the research study are very unlikely to
have occurred if there is no treatment effect.
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The second limitation

• The hypothesis test reaches this conclusion by

• (1) calculating the standard error, which measures how much
difference is reasonable to expect between M and µ, and

• (2) demonstrating that the obtained mean difference is
substantially bigger than the standard error.
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The second limitation

• Notice that the test is making a relative comparison: the size
of the treatment effect is being evaluated relative to the
standard error.

• If the standard error is very small, then the treatment effect
can also be very small and still be large enough to be
significant.

• Thus, a significant effect does not necessarily mean a big
effect.
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The relative size of a treatment effect
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The relative size of a treatment effect
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Measuring Effect Size
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Measuring Effect Size



Measuring Effect Size

• As noted in the previous section, one concern with hypothesis
testing is that a hypothesis test does not really evaluate the
absolute size of a treatment effect.

• To correct this problem, it is recommended that whenever
researchers report a statistically significant effect, they also
provide a report of the effect size.

• Therefore, as we present different hypothesis tests we will
also present different options for measuring and reporting
effect size.

• The goal is to measure and describe the absolute size of the
treatment effect in a way that is not influenced by the
number of scores in the sample.
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number of scores in the sample.
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Measuring Effect Size

• A measure of effect size (效应值) is intended to provide a
measurement of the absolute magnitude of a treatment
effect, independent of the size of the sample(s) being used.
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Measuring Effect Size

• One of the simplest and most direct methods for measuring
effect size is Cohen′sd.

• Cohen (1988) recommended that effect size can be
standardized by measuring the mean difference in terms of
the standard deviation.

• The resulting measure of effect size is computed as

Cohen’s d =
mean difference

standard deviation

=
µtreatment − µno_treatment

σ
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Measuring Effect Size

• For the z-score hypothesis test, the mean difference is
determined by the difference between the population mean
before treatment and the population mean after treatment.

• However, the population mean after treatment is unknown.
Therefore, we must use the mean for the treated sample in
its place.

• Remember, the sample mean is expected to be
representative of the population mean and provides the best
measure of the treatment effect.
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Measuring Effect Size

• Thus, the actual calculations are really estimating the value
of Cohen’s d as follows:

estimated Cohen’s d =
mean difference

standard deviation

=
Mtreatment − µno_treatment

σ

• Overlapping Distributions: Cohen’s d measures the degree of
separation between two distributions, and a separation of
one standard deviation (d = 1.00) represents a large
difference.
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Evaluating effect size with Cohens d

Magnitude of d Evaluation of Effect size

d = 0.2
Small effect

(mean difference around 0.2 standard deviation)

d = 0.5
Medium effect

(mean difference around 0.5 standard deviation)

d = 0.8
Large effect

(mean difference around 0.8 standard deviation)

109/137



Effect Size and Mean Difference

σ = 100

H0

µ0 = 500

σ = 100

H1

Cohen's d = 0.15 , n = 1

µ1 = 515 X
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Effect Size and Mean Difference

σ = 15

H0

µ0 = 100

σ = 15

H1

Cohen's d = 1 , n = 1

µ1 = 115 X
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Effect Size and Sample Size

σM = 2

H0

µ0 = 50

σM = 2

H1

Cohen's d = 0.1 , n = 25

µ1 = 51
42 44 46 48 50 52 54 56 58

M
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Effect Size and Sample Size

σM = 0.5

H0

µ0 = 50

σM = 0.5

H1

Cohen's d = 0.1 , n = 400

µ1 = 51
48 48.5 49 49.5 50 50.5 51 51.5 52 52.5 53

M
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Statistical Power

• Instead of measuring effect size directly, an alternative
approach to determining the size or strength of a treatment
effect is to measure the power of the statistical test.

• The power (统计效力) of a statistical test is the probability
that the test will correctly reject a false null hypothesis.

• That is, power is the probability that the test will identify a
treatment effect if one really exists.
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Statistical Power and type II error

• Whenever a treatment has an effect, there are only two
possible outcomes for a hypothesis test: either fail to reject
H0 or reject H0.

• Because there are only two possible outcomes, the
probability for the first and the probability for the second
must add to 1.00.
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Statistical Power and type II error

• The first outcome, failing to reject H0 when there is a real
effect, was defined earlier as a Type II error with a probability
identified as p = β.

• Therefore, the second outcome must have a probability of
1− β. However, the second outcome, rejecting H0 when
there is a real effect, is the power of the test. Thus, the
power of a hypothesis test is equal to 1− β.

117/137



Statistical Power and type II error

• The first outcome, failing to reject H0 when there is a real
effect, was defined earlier as a Type II error with a probability
identified as p = β.

• Therefore, the second outcome must have a probability of
1− β. However, the second outcome, rejecting H0 when
there is a real effect, is the power of the test. Thus, the
power of a hypothesis test is equal to 1− β.

117/137



Statistical Power and type II error

• The first outcome, failing to reject H0 when there is a real
effect, was defined earlier as a Type II error with a probability
identified as p = β.

• Therefore, the second outcome must have a probability of
1− β. However, the second outcome, rejecting H0 when
there is a real effect, is the power of the test. Thus, the
power of a hypothesis test is equal to 1− β.

117/137



Null Distribution and Alternative Distribution

σM = 2

H0

µ0 = 80

σM = 2

H1

Cohen's d = 0.8 , n = 25

µ1 = 88
60 62 64 66 68 70 72 74 76 78 80 82 84 86 88 90 92 94 96 98 100 102 104 106

M

−10 −9 −8 −7 −6 −5 −4 −3 −2 −1 0 1 2 3 4 5 6 7 8 9 10 11 12 13
z

Reject H0Reject H0
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Null hypothesis is correct

α 2 = 2.50%

1 − α = 95.00%

σM = 2

H0

µ0 = 80

σM = 2

H1

Cohen's d = 0.8 , n = 25

µ1 = 88
60 62 64 66 68 70 72 74 76 78 80 82 84 86 88 90 92 94 96 98 100 102 104 106

M

−10 −9 −8 −7 −6 −5 −4 −3 −2 −1 0 1 2 3 4 5 6 7 8 9 10 11 12 13
z

Reject H0Reject H0
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Alternative hypothesis is correct

σM = 2
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µ0 = 80

β = 2.07%

1 − β = 97.93%
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Alternative hypothesis is correct: Statistical Power
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Statistical Power and effect size
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Statistical Power and effect size

α 2 = 2.50%
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Statistical Power and sample size

α 2 = 2.50%

1 − α = 95.00%

σM = 5

H0

µ0 = 80

β = 64.06%

1 − β = 35.94%

σM = 5

H1

Cohen's d = 0.8 , n = 4

µ1 = 88
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Statistical Power and alpha level
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Statistical Power and alpha level
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Statistical Power and One- vs. Two-Tails
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Statistical Power and One- vs. Two-Tails
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Conceptions or MisConceptions of P-value?

The p-value is the probability of observing a value for

our test statistic that is as extreme (or more extreme)

than the value we have calculated from our sample

data, given that the null hypothesis is true.

– May I Show You My Collection of p-Values?
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Conceptions or MisConceptions of P-value?

1. If P = .05, the null hypothesis has only a 5% chance of being
true.

2. A nonsignificant difference (eg, P > .05) means there is no
difference between groups.

3. A statistically significant finding is clinically important.

4. Studies with P values on opposite sides of .05 are conflicting.

5. Studies with the same P value provide the same evidence
against the null hypothesis.

6.

Goodman, S. (2008). A dirty dozen: Twelve p-value misconceptions. Seminars in Hematollogy, 45(3), 135-140
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Conceptions or MisConceptions of P-value?

7. P = .05 means that we have observed data that would occur
only 5% of the time under the null hypothesis.

8. P values are properly written as inequalities (eg, “P < .02”
when P = .015)

9. P = .05 means that if you reject the null hypothesis, the
probability of a type I error is only 5%.

10. With a P = .05 threshold for significance, the chance of a
type I error will be 5%.

11. You should use a one-sided P value when you don’t care
about a result in one direction, or a difference in that
direction is impossible.

12.
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12. A scientific conclusion or treatment policy should be based on
whether or not the P value is significant.
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