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Three types of graphs that represent centre and spread 
of data



Dot plots



Box plots



Box plots



Barcharts



What about line graphs?

Previous evidence suggests that this impact of testosterone on status
concerns is most likely to occur in situations in which subjects’ social
status can be challenged and they can avoid this threat with appropriate
behaviours1,3,4,6. This is exactly the situation of a proposer in the
ultimatum game, who faces the threat of rejection if she makes an
unfairly low offer. By making a fair offer, the proposer can prevent being
turned down (that is, a social affront) with near certainty, whereas
the rejection probability is substantial in the case of an unfair offer.
Thus, if testosterone induces a higher concern for social status in the
sense that subjects want to prevent their proposal from being turned
down, we should observe fairer offers among proposers who received
testosterone. Note that according to the social status hypothesis,
testosterone does not make subjects more altruistic or more prosocial
per se; higher bargaining offers, however, are instrumental in preventing
a rejection and gaining access to resources.

A total of 60 women participated in the role of a proposer in our
experiment in a double-blind, placebo-controlled study design
(Fig. 1). A single dose of 0.5 mg of testosterone or placebo was applied
sublingually 4 h before subjects played the ultimatum game. We only
recruited women because the parameters (quantity and time course)
for inducing neurophysiological effects after a single sublingual
administration of 0.5 mg of testosterone are known in women21,
whereas these parameters are unknown in men. In addition, previous
evidence indicates a correlation between endogenous testosterone
levels and status-related behaviours not only in men1,3,4 but also in
women3,4,11,22–24. To check whether subjects noticed which substance
they had been given, we also asked them whether they believed that
they received placebo or testosterone. Their beliefs were not signifi-
cantly related to the actual substance they received (Mann–Whitney
U-test, P 5 0.191, n 5 60), indicating that they were unaware of
what they actually received. Every proposer played three independent
ultimatum games with three different responders, and all interactions
between proposers and responders took place via a computer net-
work such that full anonymity between the participants was ensured.
In each game, the proposer could offer the responder 0, 2, 3 or 5 MUs
(out of 10 MUs).

Ethical concerns require researchers to inform subjects that they
will either receive a placebo or testosterone, and the prior notions
about testosterone may confound a possible impact of testosterone
on behaviour. In particular, belief in the folk hypothesis may affect
subjects’ behaviour because testosterone is probably one of the most
widely discussed hormones in the press and, therefore, it is possible
that existing opinions on testosterone might affect behaviour8. A sur-
vey we conducted several months after the experiment confirmed that
our subjects strongly believed in the folk hypothesis (see Sup-
plementary Information). For this reason, we controlled for subjects’

beliefs about whether they had received testosterone or placebo in our
statistical analysis (see also Supplementary Information).

The folk hypothesis predicts that proposers who received testosterone
will make lower offers. In contrast to this prediction, subjects who
received testosterone actually made significantly higher offers (analysis
of variance (ANOVA), main effect of testosterone, F 5 4.92, P 5 0.031;
Cohens f 2 5 0.24, n 5 60), with placebo subjects offering on average
3.40 MUs, whereas subjects with testosterone offered 3.90 MUs (Figs 2a
and 3). Notably, we also find strong support for a ‘belief effect’. Subjects
who merely believed that they received testosterone made much lower
offers than those who believed that they received placebo (Figs 2b and 3;
ANOVA, main effect of believed testosterone, F 5 8.22, P 5 0.006;
Cohens f 2 5 0.34, n 5 60). The belief effect reduces offers by 0.92 MU
whereas the pure testosterone effect increases offers by 0.64 MUs. This
difference is not significant, however (F 5 0.50, P 5 0.485, n 5 60). We
also do not observe an interaction effect between testosterone and
believed testosterone (ANOVA, interaction between testosterone and
believed testosterone, F 5 0.90, P 5 0.346, n 5 60). We also controlled
for subjects’ endogenous baseline testosterone levels before testosterone
administration, and for a possible indirect effect of testosterone via its
effect on cortisol levels, anxiety, anger, calmness, wakefulness and mood
(see Methods and Supplementary Information), but none of these
factors plays a role.

Taken together, the positive impact of testosterone on the fairness
of bargaining offers casts strong doubt on the folk hypothesis and is
consistent with the social status hypothesis. An alternative explana-
tion for higher proposer offers is, however, that testosterone admini-
stration might have a positive influence on altruistic motivation. The
social preference literature13 defines altruism as putting a positive
value on other people’s payoff. Thus, if testosterone increased the
valuation of others’ payoffs, we should observe higher offers in the
ultimatum game—which we do. However, an increase in altruistic
motivations also predicts lower rejection rates by the responders
because a rejection reduces the proposer’s payoffs. Our responder
data clearly refute this prediction. The main effect of testosterone on
rejection rates in an ANOVA is clearly insignificant regardless of
whether we control for baseline testosterone or not (F 5 0.73,
P 5 0.399 without control for baseline testosterone; F 5 1.25,
P 5 0.271 with control for baseline; n 5 55). Moreover, as with the
proposers, the baseline testosterone level has no main effect on rejec-
tion rates (F 5 0.53, P 5 0.664, n 5 55) and the interaction between
exogenously administered testosterone and endogenous baseline
testosterone is also insignificant (F 5 1.77, P 5 0.172, n 5 55).
Thus, the absence of a testosterone effect on rejection rates rules
out any effect of testosterone on altruistic motives. The absence of
a testosterone effect on altruistic motives and on rejection behaviour
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Figure 1 | Sequence of events in the double-blind study with testosterone
and placebo administration. Every experimental session started at 13:00; the
ultimatum game took place 4 h after testosterone or placebo administration,
consistent with an established protocol of single-dose testosterone
administration studies. MDBF, Mehrdimensionaler
Befindlichkeitsfragebogen (multidimensional mood questionnaire); SCL-
90R, 90-item symptom checklist (revised version); STAI, state-trait anxiety
inventory; STAXI, state-trait anger expression inventory.
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Figure 2 | The proposers’ mean offers in the ultimatum game across
treatments and beliefs. Error bars indicate s.e.m. a, Mean offers in the
placebo and the testosterone group. Subjects who received testosterone
make significantly fairer offers (ANOVA, F 5 4.92, P 5 0.031, two-tailed,
n 5 60). b, Mean offers for the subjects who believed that they received
placebo compared to those who believed they received testosterone. Subjects
who believed that they received testosterone make offers that are
significantly more unfair (ANOVA, F 5 8.22, P 5 0.006, two-tailed, n 5 60).
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How to Make a Box and 
Whisker Plot

• You need the following six numbers: 

• 75th Percentile 

• 25th Percentile 

• Max 

• Min 

• Median 

• Mean
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Drawing a Box Plot
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Drawing a Box Plot
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Drawing a Box Plot
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Drawing a Bar Chart  
(with Error Bars)

2
4
6
8
10
12
14
16
18
20
22
24
26
28
30
32

Men Women



Drawing a Bar Chart  
(with Error Bars)
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Drawing a Bar Chart  
(with Error Bars)
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Drawing a Bar Chart  
(with Error Bars)
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Drawing a Bar Chart  
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Hypothesis Testing and Sampling

• Hypothesis Testing relies on the concepts of 
sampling, populations, and probability.

• The basic logic:  When we use a sample to make 
inferences about population parameters, we want to 
know whether our sample comes from a population 
that is best described by the null hypothesis.

• The null hypothesis is a statement which we usually 
are attempting to reject in our research.



Conceptually...

Ho: it comes from a standard tree Alternative: it comes from this tree

You have an “interesting” sample of leaves



An Example of Hypothesis Testing with Statistics

A group of Norwegian sailors has an average pulse of 98 beats
 per minute.  Is this significant (that is, are they not healthy)?

A “healthy” population has a
mean pulse of 73 bpm, with an SD
of 8.  So, 98 beats per minute
would be 3.125 standard 
deviations above the mean.

Null Hypothesis:  µ=73



An Example of Hypothesis Testing with 
Statistics

A group of Norwegian sailors has an average pulse of 98 beats
 per minute.  Is this significant (that is, are they not healthy)?

A “healthy” population has a
mean pulse of 73 bpm, with an SD
of 8.  So, 98 beats per minute
would be 3.125 standard 
deviations above the mean.

An “unhealthy” population that 
has a higher mean pulse, with an 
SD of 8.  So, 98 beats per minute
would be closer to the mean.

Null Hypothesis:  µ=73

Alternative Hypothesis: µ≠73

--or--



Five Steps of Hypothesis Testing
1. Make some statements about the population parameters:  a null 

hypothesis and an alternative (research) hypothesis.
2. Determine the population parameters assuming the null hypothesis is 

true.
3. Determine a “cut-off” point in the population at which the null 

hypothesis should be rejected.
4. Determine the probability of your sample statistic assuming the null 

hypothesis is true.
5. If that probability exceeds the “cut-off” point, reject the null 

hypothesis. If it doesn’t, retain it.



An Example:  Hypothesizing about a Single Sample 
Score

• A certain depression questionnaire can 
have scores that range from 1 (not at 
all depressed) to 50 (extremely 
depressed).  When given to a 
population of “normal” adults, µ=20 
and σ = 5.

•  Joe, an air traffic controller, 
completes the questionnaire, and gets 
a score of 42.  Is this “normal?”  
Should he be considered at possible 
risk for depression?



Step #1.  State the Null Hypothesis and 
Research Hypothesis
Example:  Joe’s depression score is 42 on a scale that is 1-50.
Ho:  Joe comes from a population with µ=20.
Ha:  Joe comes from a population with µ≠20.
• NOTICE:  the alternative (research) hypothesis is 

the logical complement to the null hypothesis (i.e., 
it should cover all instances not covered by Ho).



Step #2. Determine the Population’s parameters

Example:  Joe’s depression score is 42 on a scale that is 1-50.
• If Ho is true, µ= 20, and σ = 5

µ=20 25 30 3515105



Step #3.  Determine a “cut-off” statistic at which 
to reject Ho.

• We need to choose a “level of risk.”  Typically, researchers 
use p = .05 as the cut-off level.

• We then need to find the cut-off point, where a given parameter 
occurs less than .05 of the time, assuming Ho is true.

µ=20 25 30 3515105



Step #3 (cont.) A Slight Detour:  One-tailed or 
Two-tailed?

• We have the option of how to “divvy up” the .05 area:

.025 .025

“Two-tailed”



Step #3 (cont.) A Slight Detour:  One-
tailed or Two-tailed?
• We have the option of how to “divvy up” the .05 area:

.025 .025

.05

OR...

“One-tailed”



Step #4.  Determining the probability of your sample score if 
Ho is true.

Example:  Joe’s depression score is 42 on a scale that is 1-50.
• If Ho is true, µ=20, σ=5.
• Joe’s score is z= (X-Mean)/SD = (42-20)/5 = 4.4

µ=20 25 30 3515105



Step #5.  Reject or Retain Ho, depending on 
the probability of your sample statistic

• Because Joe’s Z-score exceeds the “cut-off,” reject 
Ho, and adopt the alternative hypothesis.

• Joe therefore comes from a population where µ≠20.
• We can say “Joe’s score significantly differs from 

the normal population of depression scores, p<.05”



36

Choosing between H0 and H1

In choosing between the two hypotheses, we assume H0 
to be true.

We test statistically the probability of obtaining our observed 
results if H0 is actually true

If the probability is low 
Reject H0

If the probability is high 
Retain H0

Infer observed difference is 
genuine

Infer observed difference is 
due to chance
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How Unlikely does our 
observation have to be?
• Conventionally

• p<0.05

• 5%

• 1 in 20

• More conservative criteria

• p<0.01

• 1%

• 1 in 100



Now, More Generally Speaking...

• What about any errors that we could make “just by 
chance?”



Errors in Hypothesis Testing
The Researcher concludes...

But reality
is...



Errors in Hypothesis Testing
The Researcher concludes...

But reality
is...



Type I Error

• The probability of rejecting Ho when Ho is true.
• Known as alpha (α)
• Same as significance level!
• When we say p<.05, we’re stating that the Type I 

error is less than 5%.



Errors in Hypothesis Testing
The Researcher concludes...

But reality
is...



Type II Error

• The probability of retaining Ho when Ho is false.
• Known as Beta or β



The Relationship of  
 Type I and Type II Errors
• Generally, as you decrease α, you increase β
• Generally, as you increase α, you decrease β
• The choice of an alpha of .05 or .01 is based on a 

compromise of the two types of Error



Not Making an Error
The Researcher concludes...

But reality
is...



Power
• Power is the probability that a researcher will 

(correctly) reject Ho when Ho is false



How do we maximize Power?
• Increase the effect size
• Increase the sample size
• Increase alpha
• Use one-tailed tests



A “Visual” Look at Increasing Power 
Way #1

Distribution of Sample Means for Population when Ho is True

Distribution of Sample Means for Population when Ho is rejected

µ=100 220

201

Increase Power
By Getting big Effect Sizes
(e.g., our pop mean could
be much higher)

α=5%

µ= 220



Distribution of Sample Means for Population when Ho is True

Distribution of Sample Means for Population when Ho is rejected

µ=200

µ=100 190

190

α=5%

Increase Power
By Increasing Sample Size
(the distribution of means
becomes less variable)

A “Visual” Look at Increasing Power 
Way #2



Distribution of Sample Means for Population when Ho is True

Distribution of Sample Means for Population when Ho is rejected

µ=200

µ=100 190

190

α=15%

Increase Power
By Increasing Alpha
(as α increases, so does
power)

A “Visual” Look at Increasing Power 
Way #3



Sample

Distribution of Sample Means for Population when Ho is True

Distribution of Sample Means for Population when Ho is rejected

µ=200

µ=100 190

190

α=5%

Increase Power
By Using One-Tailed Tests
(i.e., we could get by with
a lower sample mean)

A “Visual” Look at Increasing Power 
Way #4



Sample

Distribution of Sample Means for Population when Ho is True

Distribution of Sample Means for Population when Ho is rejected

µ=200

µ=100 190

190

α=5%

201

Increase Power
By Using One-Tailed Tests
(i.e., we could get by with
a lower sample mean)

A “Visual” Look at Increasing Power 
Way #4



Four Pillars of Research 
Methodology

• Hypothesis Testing

• Sample Size

• Power

• Effect Size



Effect Size

• a standardised measure of difference (lack of 
overlap) between populations.  

• A common effect size measures is d 

• d = (µ1 - µ2) / σ 

• It can be positive or negative



The Bigger the Effect Size, 
the Bigger the Difference Between Pop 

Means



Cohen’s (1998) Guidelines



Putting It All Together

• You’re planning to conduct an experiment with 
two groups: a treatment and a control group 

• How many people should be in each group?
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Research Article

Despite the existence of alternative analytical techniques 
(Rouder, Speckman, Sun, & Morey, 2009; Wagenmakers, 
Wetzels, Borsboom, & van der Maas, 2011), and notwith-
standing criticism (e.g., Nickerson, 2000), null-hypothesis 
significance testing (NHST) remains the main statistical 
tool in the analysis of psychological research data (Bak-
ker & Wicherts, 2011; Nuijten, Hartgerink, van Assen, 
Epskamp, & Wicherts, 2015; Wetzels et al., 2011). Much 
recent debate on how researchers use NHST in practice 
has concerned the inflation of the number of Type I 
errors, or rejection of the null hypothesis when it is in 
fact true (Asendorpf et  al., 2013; Bakker, van Dijk, & 
Wicherts, 2012; Simmons, Nelson, & Simonsohn, 2011; 
Wagenmakers et  al., 2011). Reducing the possibility of 
Type II errors is another important consideration in 
improving the quality of studies, however: Studies should 
be well powered (Fiedler, Kutzner, & Krueger, 2012; Sim-
mons et al., 2011).

It has long been argued that researchers should 
 conduct formal power analyses before starting data 

collection (Cohen, 1965, 1990), yet it continues to be the 
case that many studies in the psychological literature are 
statistically underpowered (Bakker et al., 2012; Cohen, 
1990; Maxwell, 2004). Specifically, given the typical 
effect sizes (ESs) and sample sizes reported in the psy-
chological literature, the statistical power of a typical 
two-group between-subjects design has been estimated 
to be less than .50 (Cohen, 1990) or even .35 (Bakker 
et al., 2012). These low power estimates appear to con-
tradict the finding that more than 90% of published stud-
ies in the literature have p values below the typical 
threshold for significance (i.e., α = .05; Fanelli, 2010; 
Sterling, Rosenbaum, & Weinkam, 1995). This apparent 
discrepancy is often attributed to the combination of 
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Researchers typically overestimate their study’s power, 
and underestimate the sample size need to obtain .80 
power with a small effect size.



How do researchers typically 
determine the sample size?

• According to Bakker et al. (2016), the answers 
are: 

• Practical constraints 

• Some rule of thumb (e.g., 20 per cell) 

• Based on common practice in their field 

• Want as many as possible 



How many participants do you actually 
need for a two-condition study?

Intuitions About Power 1073

around 0.4, on average, our results suggest that research-
ers typically underestimate the sample sizes needed for 
studying effects that they deem to be typical. Unexpect-
edly, we did find a difference in sample-size estimates 
among the three conditions: Respondents in the large-N 
condition gave the highest estimates. This might be a car-
ryover effect from the questions asking respondents to 
estimate the power of research designs (e.g., effect of 
anchoring and adjustment; Epley & Gilovich, 2006).

Other factors. To explore possible influences on 
respondents’ power intuitions, we looked at the data 
from both studies. We focused especially on the small-ES 
situations, because these are common in psychology and 
also because respondent’s intuitions were the least accu-
rate for these situations. First, we found that respondents 
who reported doing power analyses to determine their 
sample sizes did not estimate power better than those 
who did not report conducting power analyses. Almost 

half of the respondents in the researcher condition in 
Study 1 indicated that they generally used a power analy-
sis to determine their sample size (although they might 
not conduct a power analysis for every single study). The 
average calculated power for this group of respondents 
(Mt = .46, 95% CI = [.37, .55]) was not significantly higher 
than that for the remaining respondents in the researcher 
condition (Mt = .42, 95% CI = [.34, .51]). Furthermore, the 
amount of bias did not differ significantly between 
respondents who mentioned typically doing power anal-
yses (Mt = −.31, 95% CI = [−.40, −.22]) and those who did 
not (Mt = −.30, 95% CI = [−.39, −.22]).

Next, for Study 2, we used a principal components 
analysis to summarize respondents’ answers to the ques-
tions regarding their understanding of what power means 
(question correctly answered by 168 respondents, or 
78.5%), how often they conducted power analyses, and 
how good their statistical knowledge was. The first com-
ponent explained 50% of the variance, and we used hier-
archical regression analyses to investigate whether scores 
on this component predicted estimates of power and 
required sample sizes. (Separate results for the three 
questions, including full regression tables, are available 
in the Supplemental Material.) The dependent variables 
were the power and sample-size estimates for each pre-
sented research design. In the first model for each depen-
dent variable, we included only component score as a 
predictor; in the second model, we added condition; and 
in the third model, we added the interaction between 
component score and condition. We report results based 
on Model 2, which was always selected on the basis of 
the change in R2 except for predicting sample size in the 
small-ES scenario, in which case none of the models fit-
ted the data. No interactions between condition and 
component score were found. We did not find a signifi-
cant effect of component score on power estimates for 
the small-ES scenario (b = −0.01, t = −0.98, p = .329). 
However, when the ES was medium or large, respon-
dents with higher component scores had higher (and 
hence more accurate) power estimates (b = 0.02, t = 2.26, 
p = .025, and b = 0.04, t = 3.94, p < .001, respectively). 
Furthermore, when the specified ES was large, respon-
dents with higher component scores gave smaller esti-
mates of the sample size required to achieve a power of 
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Fig. 1. Results from Study 2: respondents’ mean estimate (20% trimmed 
mean) of the power of the presented research design for each combina-
tion of sample size and expected effect size. The error bars represent 
95% confidence intervals, and the lines indicate the true power of stud-
ies with the three expected effect sizes as a function of total sample 
size.

Table 2. Results From Study 2: Respondents’ Estimates of the Required Sample Size and the True 
Required Sample Size to Reach a Power of .8

Required sample size d = 0.20 (small ES) d = 0.50 (medium ES) d = 0.80 (large ES)

True 788 128 52
Estimated 216 [196, 236] 124 [114, 134] 77 [72, 83]

Note: The table presents the 20% trimmed means of the sample-size estimates, with 95% confidence intervals 
inside brackets. ES = effect size.
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Bottom line: You should be aiming for at least 60 participants per 
condition, assuming a medium ES and power of .80
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