
Chapter 2
Experimental Design

Abstract This chapter starts with explaining the difference between an experiment
and a quasi-experiment. Next, between-subjects and within-subject research designs
are compared, and criteria about the choice for either design are discussed. The
importance of a control group is highlighted, and techniques for participant
assignment to groups are presented. Validity threats are described, including sample
representativeness, demand characteristics, experimenter expectancy bias, causation
versus correlation, and attrition. We explain the notion of statistical reliability and
discuss self-reported measures and associated pitfalls such as social desirability and
response style.

2.1 Experiments and Quasi-experiments

Before starting to collect data, it is important to decide whether to conduct an
experiment or a quasi-experiment. An experiment is a study in which a researcher
exposes one or more participant groups to an intervention and investigates the
effects of this intervention. That is, in an experiment, the exposure of participant
groups to the intervention is controlled by the researcher. Experiments can be
between-subjects, where two or more independent participant groups undergo
different procedures or perform different tasks (i.e., are tested in different condi-
tions), or within-subject, where each participant undergoes multiple procedures or
performs multiple tasks. A mixed factorial design is also possible. In a mixed
design, two or more independent variables (i.e., the variables that are systematically
manipulated by the researcher; in other words, the intervention) are investigated, at
least one of which is manipulated between-subjects and at least another one is
manipulated within-subject. When it is practically, financially, or ethically unde-
sirable to conduct an experiment, a quasi-experiment can be done. In a quasi-
experiment, the exposure of participant groups to the intervention is not controlled
by the researcher. There are several types of quasi-experiments; in this chapter,
cohort studies and case-control studies will be discussed.
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2.2 Between-Subjects Design

In a between-subjects design, each participant is assigned to a group. The groups
are treated in the exact same way, except that each group undergoes a different
procedure or performs a different task.

Between-subjects experiments are common in medical research for testing the
efficacy of a treatment as compared to not receiving the treatment (Bhatt 2010;
Connors et al. 1996). Between-subjects experiments are also used in human subject
research in engineering. For example, a researcher may conduct a between-subjects
experiment to compare the effects of feedback on task performance (e.g., in Zanotto
et al. 2013, participants were assigned to one of four groups; each group received a
different type of feedback while walking with an exoskeleton, and the gait char-
acteristics of the four groups were compared).

2.2.1 Control Groups

In a randomized controlled trial, at least one of the groups is a control group. There
are several types of control groups: (1) a control group in which participants
undergo a sham procedure or perform a sham task (also called placebo control
group or negative control group), (2) a control group in which participants undergo
a procedure or perform a task that has been previously tested and has a known effect
on the outcome variable (positive control group), or (3) a control group in which
participants do nothing (natural history control group).

Randomized controlled trials are the gold standard for making causal inferences
about the effect of the experimental treatment on one or more outcome measures
(Guyatt et al. 2008; National Health and Medical Research Council 1999; U.S.
Preventive Services Task Force 1996). It is also possible to conduct experiments
without a control group; such experiments are called randomized trials rather than
randomized controlled trials.

Textbox 2.1 The placebo effect and its use in human subject research

A placebo is a sham procedure/task/device that simulates a real procedure/
task/device. While a placebo is supposed to be ineffective, it is often that
humans respond to it (De Craen et al. 1999). This phenomenon is called the
placebo effect and may relate to expectancies about the effect of the real
procedure/task/device. Interestingly, the placebo effect is not merely a sub-
jective impression but can also lead to actual physiological changes (Oken
2008). For example, it has been shown that placebo caffeine induces
dopaminergic responses (measured with positron emission tomography;
Kaasinen et al. 2004) and physiological arousal (Mikalsen et al. 2001)
comparable to the corresponding effects induced by caffeine intake.
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In human subject research, placebo control groups are used to test whether
the observed effects in the treatment group(s) are due to the nature of the
specific treatment or just because a treatment is taking place. A meta-analysis
by Kirsch et al. (2008) illustrated the importance of using a placebo control
group in an experiment. Kirsch et al. acquired data from randomized con-
trolled trials on the effectiveness of anti-depressants. As Fig. 2.1 shows, the
placebo effect constitutes over 50% of the overall effect of the
anti-depressants. In some cases (e.g., homeopathy), the entire observed effect
may be explained by placebo response (Glasziou 2016).

Fig. 2.1 The horizontal axis shows the participants’ mean initial score on depression severity
(HRSD = Hamilton Rating Scale for Depression; a score between 0 and 7 is generally considered
normal, whereas a score of 23 or higher indicates very severe depression, with a maximum
possible score of 52). The vertical axis shows the standardized mean difference (d, defined here as
the change in HRSD divided by the standard deviation of the change). Thus, d is an effect size
measure describing how much the symptoms improved with respect to the baseline score.
Triangles = drug effect; Circles = placebo effect. The area of each circle/triangle is a function of
the sample size. Sample sizes ranged between 10 and 403. Figure taken from Kirsch et al. (2008)
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2.2.2 Participant Assignment to Groups

The assignment of participants to groups can be done randomly, a method known as
simple randomization. Simple randomization can be done by means of a random
number generator (e.g., in MATLAB, round(rand(30,1)) produces a vector
of zeros and ones).

Particularly when the sample size is small, simple randomization may lead to
groups with unequal covariates, such as gender and age. Covariates are variables
that, next to the variables that are manipulated (independent variables), are also
predictors of the outcome (dependent) variables. To reduce imbalance between
groups, minimization can be used. In minimization, participants are assigned to
groups depending on the current group composition in order to minimize differ-
ences between the groups in terms of covariates (Pocock and Simon 1975; Taves
1974; for an overview of randomization techniques, such as block and stratified
randomization, see Kang et al. 2008).

It is crucial that the assignment of participants to the experimental conditions is
controlled by the researcher, because this prevents self-selection bias (i.e., partici-
pants choosing which group they are part of). It is not acceptable to test an
experimental group and use data from a control group collected several months
before. After all, conditions such as the outside weather, the quality of the mea-
surement equipment, and the type of available participants may have changed in the
meantime. In his lecture Some remarks on science, pseudoscience, and learning
how to not fool yourself, Feynman referred to such lack of experimental rigor as
“Cargo cult science” (Feynman 1974; see Textbox 2.2).

Textbox 2.2 Remarks by Richard Feynman on “Cargo cult science”

“When I was at Cornell, I often talked to the people in the psychology
department. One of the students told me she wanted to do an experiment that
went something like this—I don’t remember it in detail, but it had been found
by others that under certain circumstances, X, rats did something, A. She was
curious as to whether, if she changed the circumstances to Y, they would still
do, A. So her proposal was to do the experiment under circumstances Y and
see if they still did A.

I explained to her that it was necessary first to repeat in her laboratory the
experiment of the other person—to do it under condition X to see if she could
also get result A—and then change to Y and see if A changed. Then she
would know that the real difference was the thing she thought she had under
control. She was very delighted with this new idea, and went to her professor.
And his reply was, no, you cannot do that, because the experiment has
already been done and you would be wasting time.

Nowadays there’s a certain danger of the same thing happening, even in
the famous field of physics. I was shocked to hear of an experiment done at
the big accelerator at the National Accelerator Laboratory, where a person
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used deuterium. In order to compare his heavy hydrogen results to what
might happen to light hydrogen he had to use data from someone else’s
experiment on light hydrogen, which was done on different apparatus. When
asked he said it was because he couldn’t get time on the program (because
there’s so little time and it’s such expensive apparatus) to do the experiment
with light hydrogen on this apparatus because there wouldn’t be any new
result. And so the men in charge of programs at NAL are so anxious for new
results, in order to get more money to keep the thing going for public rela-
tions purposes, they are destroying—possibly—the value of the experiments
themselves, which is the whole purpose of the thing. It is often hard for the
experimenters there to complete their work as their scientific integrity
demands” (Feynman 1974, pp. 12–13; quoted with permission from
Engineering and Science, published by California Institute of Technology).

2.3 Within-Subject Design

A between-subjects design has a major drawback: if the true effects are small, large
sample sizes are needed to determine the existence of differences between the
groups. For example, suppose one wants to test whether an in-vehicle warning
system reduces the speed of car drivers. If the effect is small (a speed reduction of
3 km/h) and the spread among drivers is large (a standard deviation among par-
ticipants of 10 km/h), then a large number of participants (352 in this specific case)
is required to achieve an 80% probability of detecting the effect (i.e., a statistical
power of 80%, as will be further explained in Sect. 3.3.2) for a Type I error rate of
5%. To achieve sufficient statistical power, randomized trials in the medical field
may involve thousands participants and cost (hundreds of) millions of Euros
(Biglan et al. 2000; Ioannidis 2013). Thus, a between-subjects experiment may not
always be practically or financially feasible. Note that it is ethically problematic to
run an underpowered experiment, because this means that resources and partici-
pants’ time are wasted.

However, there is a solution: the within-subject design. In a within-subject
design, also called repeated measures design, each participant undergoes multiple
conditions. The advantage of a within-subject experiment is that the statistical
power is usually higher than that of a between-subjects experiment, especially when
the participants’ scores for the different conditions are correlated, that is, when
participants are consistent with respect to themselves across the different conditions.
Because participants essentially serve as their own control, within-subject experi-
ments require half as many participants as between-subjects experiments, or even
considerably fewer, if the experimental conditions are positively correlated
(Textbox 2.3).
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Textbox 2.3 Illustration of the statistical power of a within-subject versus
a between-subjects experiment

Suppose that a researcher aims to investigate whether an in-vehicle warning
system reduces the speed of car drivers. Figure 2.2 provides simulated results
of a within-subject experiment with 30 participants, each of whom drove with
the in-vehicle warning system on and off, and of a between-subjects exper-
iment with 60 participants (30 per group: one group driving with the
in-vehicle warning system on and another group driving with the in-vehicle
warning system off). The speed-reduction effect is easier to detect in the
within-subject experiment.

Because of its higher statistical power, a within-subject experiment is often
preferred in human subject research in engineering. However, there are important
drawbacks: in a within-subject experiment, each participant encounters each
experimental condition and is therefore likely to be occupied for a longer time than

Fig. 2.2 Within-subject versus between-subjects design. In the within-subject experiment, a
speed reduction of about 3 km/h can be reasonably well detected (by the naked eye in this case;
Chap. 3 covers the corresponding statistical testing) at the level of individual participants. After
all, 21 of the 30 participants drove slower with the in-vehicle warning system on than with the
in-vehicle warning system off (i.e., the dots lie below the line of unity). The same effect cannot be
reliably distinguished between groups, despite the fact that the sample size is twice as large as in
the within-subject design. In both figures, the means (M) and standard deviations (SD) are as
follows: Moff = 100.22 km/h, Mon = 97.20 km/h, SDoff = 10.26 km/h, SDon = 7.99 km/h.
Correlation coefficient between the speed with the system on and off = 0.88. These values were
drawn from a population with means of 100 and 97 km/h, respectively, a standard deviation per
group of 10 km/h, and a correlation of 0.90
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in a between-subjects experiment. Moreover, the results are susceptible to order
effects, such as practice and fatigue, and to carryover effects. A solution to these
problems is counterbalancing.

Counterbalancing is a method that aims to control for order and carryover effects
by letting participants undergo the various conditions in different orders. There are
several approaches to defining these orders. One can counterbalance with all pos-
sible orders (Underwood 1949), also called complete counterbalancing. For
example, for four conditions, there are 4! = 24 possible orders (in MATLAB: n=4;
perms(1:n)). This also means that at least 24 participants are needed for this
experiment. Note, however, that the number of possible orders increases rapidly,
with five conditions leading to 120, and six conditions leading to 720 permutations.
A technique that generates a workable number of possible orders is the Latin
square. In a Latin square, each of the n conditions appears exactly one time in each
row and exactly one time in each column. In MATLAB, n=4; M=[1:n;ones
(n-1,n)]; M=rem(cumsum(M)-1,n)+1; generates a Latin square for four
conditions (Van der Geest 2009a).

1 2 3 4
2 3 4 1
3 4 1 2
4 1 2 3

Here, the columns represent the order in which the condition number is pre-
sented to the participant, and the rows represent the participant number. In other
words, each of the four conditions (1, 2, 3, or 4) is encountered once in the first
session, once in the second session, once in the third session, and once in the fourth
session.

A drawback of the Latin square shown above is that all conditions are sur-
rounded by the same pattern of conditions throughout the Latin square, which
means that not all order and carryover effects can be ruled out. Williams (1949)
defined complete Latin squares, in which for each element i, element j immediately
follows element i exactly once (for a MATLAB function, see Van der Geest
2009b). For example:

1 2 4 3
2 3 1 4
3 4 2 1
4 1 3 2

The disadvantage of a complete Latin square is that it cannot be defined for all
odd numbers of conditions. Campbell and Geller (1980) introduced so-called bal-
anced Latin squares, which can also be computed if n is odd. In a balanced Latin
square, each pair of conditions i and j appears exactly twice adjacent to each other.
An example of a balanced Latin square for n = 5 is shown below:
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1 2 3 4 5
2 4 1 5 3
3 1 5 2 4
4 5 2 3 1
5 3 4 1 2

For more advanced types of balanced Latin squares, the reader is referred to
Alimena (1962), Colbourn et al. (1996), and Kim and Kim (2010).

When conducting a within-subject experiment, it is of paramount importance to
apply counterbalancing. Without counterbalancing, the results are likely to be
invalid. Referring to the example in Textbox 2.3, it is known that drivers tend to
drive slightly faster at the end of an experiment as compared to the beginning (e.g.,
Mars et al. 2014). Thus, if all participants drive first with the in-vehicle warning
system off and then with the system on (or vice versa), it becomes impossible to
separate the treatment effect (i.e., the effect of the in-vehicle warning system) from
the practice effect. Note that although counterbalancing is a powerful technique, it
rests on the assumption that the degree of practice, fatigue, and carryover effects do
not interact with the treatment. For example, if driving with the in-vehicle system
on yields a steeper learning curve than driving with the system off, then the
above-presented results are not perfectly valid, despite counterbalancing.

Carryover effects could be reduced by implementing training or practice sessions
prior to the start of the experiment. This means that the learning curve has flattened
out so that practice effects are reduced during the actual experiment (Greenwald
1976). It is also possible to train participants to proficiency (e.g., conducting per
participant as many practice sessions as needed in order to reach a target score)
prior to the experiment. Note, however, that when participants are trained to pro-
ficiency, the outcome variables are confounded by the training time. One can also
reduce carryover effects in a counterbalanced design by using large time intervals
between conditions, for example by letting each participant complete each condi-
tion on a different day (Greenwald 1976; Keren 1993).

2.4 Choosing Between-Subjects or Within-Subject Design:
More Than just a Matter of Statistical Power

Whether one chooses a between-subjects or a within-subject design is not just a
matter of statistical power. As explained above, within-subject studies have the
disadvantage of order and carryover effects. Moreover, there are theoretical con-
siderations to be taken into account: whether one wants to obtain knowledge about
average performance of groups (as is acquired with a between-subjects experiment)
or about whether individuals get higher scores in condition A than in condition B
(as is acquired with a within-subject experiment). The results of between-subjects
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and within-subject experiments are not necessarily the same (Birnbaum 1999;
Fischhoff et al. 1979; see Textbox 2.4 for an example).

In some cases, a between-subjects design is the only way to test a particular
hypothesis. If one is interested in the effect of training on the participants’ per-
formance or behaviour, a between-subjects design rather than a within-subject
design should be used. For example, in order to test whether an online course leads
to higher student grades than a course of similar content taught in the lecture room,
a between-subjects experiment should be conducted. A within-subject experiment is
not possible in this case, because a person can learn a course only once. Because of
the large samples that are required for between-subjects research, as well as the
logistics and ethical difficulties involved (e.g., whether it is acceptable to educate
different student groups with educational methods that are expected to have dif-
ferent degrees of effectiveness; for an overview of such ethical concerns, see
Borman 2002; Burtless 2002), experiments in educational research are rare
(Thompson et al. 2005).

Textbox 2.4 How a between-subjects experiment can show that 9 > 221

Birnbaum (1999) conducted an online experiment in which he asked par-
ticipants to judge either how large the number 221 is or how large the number
9 is, on a 10-point scale where 1 = very very small and 10 = very very large
(Fig. 2.3). 45 and 40 people completed the 9- and 221-number judgement
experiments, respectively.

The mean judgement was significantly higher for the number 9 than for the
number 221 (mean for the number 9 = 5.13 vs. mean for the number
221 = 3.10). This counterintuitive result can be explained by the fact that the
experiment was conducted between subjects, meaning that each participant
was presented with only one of the numbers.

Fig. 2.3 Online judgment experiment conducted by Birnbaum (1999). Screenshots taken from
http://psych.fullerton.edu/mbirnbaum/done.htm (11 November 2016) with permission from Prof.
M. Birnbaum
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2.5 Validity Threats in Experiments

2.5.1 Demand Characteristics

Experimental validity refers to whether what is investigated represents what was
supposed to be investigated. An important threat to the validity of an experiment is
demand characteristics, which refers to participants’ tendency to adjust their
behaviour according to what they think that the experimenter expects from them.
For example, suppose that an experiment is conducted to investigate the
user-friendliness of a computer program, and that a participant figures out that one
of the computer programs (A) has been developed by the experimenter himself. In
this case, the participant may think that the experimenter expects computer program
A to be user-friendlier than computer program B and thus may (unconsciously) try
harder and achieve a better performance when working with program A as com-
pared to when working with program B. The placebo effect presented in Fig. 2.1
illustrates how strong the impact of expectancies may be.

Within-subject experiments are more susceptible to demand characteristics than
between-subjects experiments. In a within-subject experiment, the participant
undergoes multiple experimental conditions, which makes the participant easily
aware of the differences between these conditions (Charness et al. 2012).
A technique to protect an experiment from demand characteristics is blinding (also
called masking), which means that the experimenter does not disclose which
experimental condition the participant receives.

2.5.2 Experimenter Expectancy Effect

The validity of an experiment may also be compromised by the experimenters
themselves. An experimenter may hold expectations regarding his/her own
hypothesis and may (unconsciously) express enthusiasm that influences the par-
ticipants’ behaviour (see Rosenthal et al. 1966 for experiments showing how the
experimenter’s talking speed, hand gestures, and facial expressions may influence
the experimental results). Although the experimenters should of course answer any
questions the participants may have (see also the topic of informed consent treated
in Sect. 1.4.1), it is important that experimenters do not engage in lengthy con-
versations with the participants and remain neutral during the experiment.
Experimenter expectancy bias is not only relevant in human subject research, but
also in physical sciences and engineering (see Textbox 2.5 for an example).
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Textbox 2.5 Experimenter expectancy bias in physics

A classic example of experimenter expectancy bias in physics is that of
imaginary N-rays observed by several researchers at the beginning of the 20th
century. In 1902, physicist Prosper-René Blondlot claimed the discovery of a
new type of radiation, N-rays, emitted by a variety of metals and increasing
the luminosity of white surfaces in a dark room. In 1904, 77 papers on N-rays
were listed in Science Abstracts (Ederer 1975).

In 1905, however, Pozdêna conducted a double-blinded experiment that
disproved the existence of N-rays. Moreover, Wood (1904) reported that in
an attempt to test the credibility of Blondlot’s observations, he secretly
replaced the metal surface that was supposed to emit the rays with a wooden
surface; nevertheless, Blondlot still argued that luminosity increased in a dark
room, a result that pointed towards experimenter expectancy bias. After the
reports by Pozdêna and Wood, the number of papers claiming that N-rays
exist reduced considerably, with Science Abstracts counting only eight papers
on N-rays in 1905 and zero after 1909 (Ederer 1975).

A technique to protect an experiment from experimenter expectancy bias is
double blinding, meaning that neither the participant nor the research team are
aware of which treatment the participant receives. In the medical field, double
blinding is common and relatively easy to achieve. After all, a placebo pill can be
prepared in such a way that it looks, smells, tastes, and even has similar physio-
logical side effects (e.g., change in urine colour; Stoney and Johnson 2012) as a real
pill (although making real and placebo pills identical has not always been suc-
cessful; see Friedman et al. 2015). In typical human subject research in engineering,
blinding may be difficult to achieve, because the stimuli or tasks are easily dis-
tinguishable by both the participant and the experimenter. For example, it is easy to
distinguish different types of feedback (e.g., audio vs. visual) or the state of a device
(e.g., a motion platform being on or off).

2.6 Quasi-experiments

Sometimes it is undesirable or impossible to conduct an experiment. For example,
when concerns started to arise in the 1940s that smoking may cause lung cancer,
researchers faced constraints. Clearly, it is not ethically or practically feasible to
conduct an experiment in which 50% of participants are assigned to a ‘smoking
group’ with the instruction to smoke a number of cigarettes per day for several
decades, whereas the remaining 50% are assigned to a control group not allowed to
smoke. In this case, quasi-experiments had to be conducted instead.

A variety of quasi-experimental studies on the health risk of smoking have
indeed been conducted over the last few decades. Examples are cohort studies, in
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which smoking and non-smoking individuals were followed for several years to
investigate lung cancer rates (e.g., Freedman et al. 2008), and case-control studies,
in which individuals with and without lung cancer were recruited and their smoking
history was investigated (e.g., Peto et al. 2000). Additionally, a large body of
knowledge has been gathered on the biological effects of cigarette smoke com-
pounds on bonding with DNA and on associated genetic mutations (Centers for
Disease Control and Prevention 2010). Based on such quasi-experimental studies,
epidemiologists are now able to conclude that smoking is the single greatest cause
of preventable death worldwide (U.S. Department of Health and Human Services
2014) and that people who have been smoking since youth die on average 10 years
younger than those who have never smoked (Doll et al. 2004).

Cohort studies are studies in which individuals with a common baseline char-
acteristic (e.g., age) are analysed. The researchers identify the individuals within the
cohort who have been exposed to a risk factor (e.g., smoking) the outcome of which
is of interest (e.g., lung cancer), and compare these individuals with respect to the
presence of this outcome to the members of the same cohort who have not been
exposed to the risk factor. For example, in a prospective cohort study investigating
the long-term effects of monocular head-mounted displays (risk factor) on visual
complaints (outcome variable), researchers selected a cohort of pilots of similar
ages, half of which were serving as Apache army pilots (who typically use
monocular displays) and the other half serving as non-Apache helicopter pilots
(therefore not using monocular displays) and compared the visual complaints of the
two groups annually for a period of 10 years (Hiatt et al. 2001).

In case-control studies, researchers identify two groups that differ in an outcome
variable and compare their characteristics in terms of a risk factor that is expected to
have an effect on the outcome variable. For example, in a study investigating
whether not wearing a bicycle safety helmet (risk factor) is associated with a higher
rate of head injuries in a bicycling accident (outcome variable) as compared to
wearing a helmet, researchers identified a group with and a group without head
injury in a bicycling accident and compared the proportion of individuals within
each group wearing a bicycle safety helmet during the accident (Thompson et al.
1989). Figure 2.4 illustrates the difference between cohort and case-control studies.

Fig. 2.4 Cohort study and case-control study design. Orange indicates participants exposed to the
risk factor, and green indicates participants not exposed to the risk factor. Red annotates the
participants who tested positive on the outcome variable
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2.7 Validity Threat in Quasi-experiments: Causation
Versus Correlation

It is a challenge to draw causal inferences from a quasi-experimental design,
because the hypothesized causal relationship between the risk factor and the out-
come variable might be confounded. A confounder is a variable that relates to both
the risk factor and the outcome variable of a study while not being part of the causal
pathway between the risk factor and the outcome variable (that is, a confounder is a
common cause of both variables). For example, in a study investigating the effect of
wearing a helmet on the risk of head injury, a confounder might be that cyclists not
wearing helmets are also less likely to use lights when riding in the dark as com-
pared to cyclists who wear a helmet (McGuire and Smith 2000), thereby being at a
risk of suffering an injury of higher severity than cyclists using lights (Wang et al.
2015). Despite the risk that the causal pathway might be confounded, a
quasi-experimental design can still lead to causal interpretations, by controlling for
said confounders. For example, in a case-control study, if age is considered to be a
confounder, cases and controls can be matched with respect to age. A statistical
model, such as regression analysis, can also be used to control for confounders.

According to the Bradford Hill’s criteria of causality, causality can be distin-
guished from mere association based on the following nine principles: (1) strength,
(2) consistency, (3) specificity, (4) temporality, (5) biological gradient, (6) plausi-
bility, (7) coherence, (8) experiment, and (9) analogy (Hill 1965). For example, in
the case of smoking and lung cancer, there is evidence regarding a biological
gradient (criterion 5), in the sense that a dose-response relationship exists: the
earlier one quits smoking and the fewer cigarettes one smokes per day, the greater
one’s expected lifespan (Doll et al. 2004). There is also evidence regarding tem-
porality (criterion 4), namely a 20–25-year lag between nationwide trends in
cigarette smoking and the incidence of lung cancer (Peto et al. 2000; Shibuya et al.
2005). Moreover, the effect of smoking on lung cancer is strong (criterion 1). In the
case of smoking, it is thus possible to rule out the effect of confounders with relative
ease. Many other quasi-experimental studies, on the other hand, do suffer from
confounding variables and small effects. For example, the effect of meat con-
sumption and cancer risk remains controversial, with smoking and physical activity
being important confounders (e.g., Sinha et al. 2009; for more examples of con-
founders of the relationship between diet and cancer, see Key et al. 2002).

2.8 Validity Threats in Experiments
and Quasi-experiments

2.8.1 Sample Representativeness

Eligible participants can be recruited via flyers, by e-mail, or by contacting students
or peers. When sampling participants, it is important to reflect on the
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representativeness of the sample in relation to the hypothesis (for an overview of
sampling techniques, see Henry 1990). Henrich et al. (2010) argued that many of
the published research findings may not be generalizable, because participants are
almost always sampled from ‘WEIRD’ (Western, Educated, Industrialized, Rich,
and Democratic) populations. On the other hand, in a ‘many labs’ study with 6344
participants taking part in various psychological experiments, it was found that the
effect sizes were similar regardless of whether the experiment was done in a lab or
via the Internet, and regardless of whether the experiment was done in or outside
the United States (Klein et al. 2014). A specific issue at technical universities is that
engineering students have above-average spatial skills (Wai et al. 2009) and that
males are over-represented. For example, about 80% of the students at the Delft
University of Technology are male (De Winter and Dodou 2011; see also Van
Leeuwen et al. 2014, in which only 14 out of the 62 participants recruited from the
student community of the Delft University of Technology were females). This
means that the measured effects may not hold for the general population.

2.8.2 Attrition

Attrition refers to a decline of the number of participants over the course of a study.
Attrition is common in cohort studies but also in experiments consisting of several
phases, as participants may not return for the follow-up. Attrition becomes a threat
to the validity of the study especially when attrition is imbalanced between par-
ticipant groups or conditions (e.g., when the treatment group loses more participants
than the control group; a phenomenon called selective attrition or differential
attrition). Attrition is also problematic when the type of participants quitting the
experiment differs from the returning participants.

2.9 Measurements and Measures

After the experiment has been completed, the data are usually submitted to a sta-
tistical test (for more information, see Chap. 3). When setting up an experiment, it is
important to distinguish between a measurement and a measure. One may, for
example, perform a measurement of the speed of a car at a sampling frequency of
100 Hz. Based on this measurement it is possible to define a measure, such as the
mean speed during a trial. After the experiment has been completed, the measures
rather than the measurements are subjected to a statistical test, for example to test the
hypothesis that using an in-vehicle device reduces speed compared to not using the
in-vehicle device. Measures need to be operationalized so that they are reproducible.
Instead of writing: ‘The outcome measure was the speed of the car’, it is better to
write: ‘The outcome measure was the mean speed of the car from the moment the car
entered the highway until the moment the car left the highway (km/h).’
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2.9.1 Statistical Reliability

Reliability refers to the repeatability (i.e., consistency) of the measurements. In
engineering, measurements are usually highly reliable, especially when the envi-
ronmental conditions are kept constant. Put simply, the measured weight, length, or
mass of an object remain almost constant over a series of measurement repetitions
(see also Sect. 1.1).

In human subject research, on the other hand, there is often a high degree of
noise in the measurement, because humans exhibit moment-to-moment variation.
For example, the reliability coefficient (i.e., the test-retest correlation) of a single
reaction time to a stimulus is only about 0.20 (Jensen 2006; Johnson et al. 1985). If
the reliability coefficient is low, the correlation coefficient with an external variable
is low as well, and so is the statistical power (Liu and Salvendy 2009; Rushton et al.
1983; Schmidt and Hunter 1999).

A single measurement of a human participant (a single item on a questionnaire, a
single reaction time, a single speed measurement of a car) is statistically unreliable
and therefore of limited use. Reliability can be improved by averaging across
multiple measurement instances (see Textbox 2.6). For example, in order to obtain a
reliability coefficient of 0.90 of a person’s reaction time to a visual stimulus, and
assuming a reliability (i.e., test-retest correlation) of 0.20 for single reaction time
measurements, 36 trials of this person need to be averaged [calculated using
Eq. (2.1)]. Similarly, it is advisable to calculate a total/average score across multiple
questionnaire items rather than to use a single questionnaire item, and it is wise to
measure the average speed of a car along a road segment rather than to rely on a
single speed trap.

Textbox 2.6 Weight judgement: Wisdom of the crowd

In an experiment, Gordon (1924) used 10 weights of similar appearance,
ranging from 16 to 17.6 g, with equal increments between weights. She then
asked 200 participants to sort the weights in decreasing order. The correlation
between the order proposed by each participant and the true order of weights
was then calculated. The 200 correlations were found to vary greatly, between
+0.95 and −0.81, with a mean of +0.41.

Next, Gordon clustered the participant judgements into groups. For each
group she calculated an ‘average order’ by taking the average of the positions
assigned to each weight. The correlations between these ‘average orders’ and
the true order were calculated as a function of the size of the group (Fig. 2.5):

Mean of 40 groups of 5 participants = 0.68
Mean of 20 groups of 10 participants = 0.79
Mean of 10 groups of 20 participants = 0.86
Mean of 4 groups of 50 participants = 0.94
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The Spearman-Brown prediction formula (Eq. (2.1)) says that the relia-
bility of a test (R) improves according to the number of combined tests
(n) and the reliability of the current test (r). This formula assumes that the
measurement errors are independent. In the case of the abovementioned
weight-ordering experiment, r equals 0.412.

R ¼ nr
1þ n� 1ð Þr ð2:1Þ

2.9.2 Self-reported Measures (Questionnaires)

In human subject research, self-reported data can be collected to complement data
measured by sensors and instruments. The strength of questionnaires is that they
allow a researcher to gain insight into private characteristics and states that cannot
be directly observed, such as opinion, strategy, and experienced workload.
Moreover, self-reported data can offer insight into the history of the participants
(e.g., gaming experience, daily habits). Questionnaires can add much to the research
and aid in interpreting the data measured by sensors and instruments.

Preparing a new questionnaire is a challenging task, and the validity of the
self-reported data depends on the way the questions are formulated. As Schwarz
(1999) put it: “Questions shape the answers” (see Textbox 2.7 for an example).

Fig. 2.5 Mean correlation coefficient between the group’s ‘average order’ and the true values of
the weights as a function of the number of participants in the group (Gordon 1924). Figure based
on Eysenck (1939)
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Generally, however, there is no need to make your own questionnaires: there are
thousands of validated questionnaires in the scientific literature, which you could
use (but do not forget to acknowledge the original authors by citing them; more of
which will be discussed in Sect. 4.2.3). If a new questionnaire needs to be created,
several decisions have to be made concerning the type of questions (open-ended,
closed-ended, or a combination of both), mode of administration (paper-and-pencil,
computer, online), number of items, number of response options, type of labelling
of the response options, etc. For guidelines on how to set up a questionnaire, see
Krosnick and Presser (2010).

Textbox 2.7 Self-reports: how the question shapes the answer

Schwarz (1999) provided examples that illustrate how responses may differ,
depending on the formulation of a question and response options. For
example, when parents were asked: “What is the most important thing for
children to prepare them for life?”, the response “To think for themselves”
was given by 61.5% of the parents when this option was provided in a list of
response options and by 4.6% of the parents when the question was open and
no response options were provided.

Loftus and Palmer (1974) conducted an experiment in which participants
watched films with car accidents and then responded to questions regarding
these films. Participants who were asked “About how fast were the cars going
when they smashed into each other?” provided higher estimates of speed than
participants who were asked the same question but with “collided”,
“bumped”, “contacted”, or “hit” instead of “smashed”. Moreover, one week
after the viewing of the films, participants who were asked the abovemen-
tioned question with the verb “smashed” were more likely to give a positive
response to the question “Did you see any broken glass?”, despite the fact
that broken glass was not visible in the films.

Self-report questionnaires may suffer from several pitfalls:

• Social desirability. Social desirability is the tendency of participants to provide
answers that are socially acceptable and to be more reluctant to disclose
embarrassing facts about themselves. Social desirability bias can be somewhat
reduced by making questionnaires anonymous (Buchanan 2000; Dodou and De
Winter 2014). To detect social desirability, the questionnaire can include a
so-called lie scale, that is, a set of questions about human foibles and moral
weaknesses (e.g., “Are all your habits good and desirable ones?”, “Have you
ever cheated at a game?”; Eysenck et al. 1985). Strong agreement (or dis-
agreement in the case of negative statements) with such statements indicates a
tendency to present oneself in a socially desirable manner.
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• ‘Above-average effect’ or ‘illusory superiority’(Kruger and Dunning 1999). This
is the tendency of humans to report that they perform better than the average.
For example, most people report higher frequencies of healthy behaviours for
themselves than they report for the average other (Hoorens and Harris 1998).

• Response style (Jackson and Messick 1958; for an overview, see Van
Vaerenbergh and Thomas 2013). Response style refers to the tendency/bias to
respond in a similar manner regardless of the content of the question. There are
several types of response styles:

– Extreme response style refers to a tendency to give extremely low or high
responses on rating scales.

– Moderacy bias (or mid-point response style) is the inverse tendency of
extreme response style, namely to give medium ratings for all questions; a
similar bias is the mild-response style, in which the extremely high or low
response options are avoided.

– Yea-saying (or acquiescence bias) and nay-saying (dis-acquiescence) refers to
a tendency of a participant to give overly positive and overly negative
responses, respectively. This is different from extreme response style, where
both extremely positive and extremely negative responses are present.
Acquiescence and dis-acquiescence can lead to spurious correlations. Take a
two-item questionnaire, each item consisting of a five-point Likert scale
(1 = strongly disagree, 5 = strongly disagree). If 5% of the participants spu-
riously tick ‘strongly disagree’ on both items, and another 5% of the partici-
pants spuriously tick ‘strongly agree’ on both items, a moderate correlation of
r = 0.18 arises between the two items, while the expected correlation is
r = 0.00. This is demonstrated with the following MATLAB simulation:

– Anchoring is the tendency to use the first response as reference for the rest of
the responses in a questionnaire, even when the questions are unrelated and
therefore using one of the responses as reference is meaningless (Tversky
and Kahneman 1974).

A common remedy against response style is to reverse the order of response
options for some items (e.g., instead of ordering the response options from ‘strongly
agree’ to ‘strongly disagree’, one can order the response options for some items
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from ‘strongly disagree’ to ‘strongly agree’). Another remedy is temporal sepa-
ration of questionnaires (i.e., questionnaires completed on different days).
Moreover, as mentioned above, it is advisable to use self-reported questionnaires in
conjunction with data recorded by sensors and other measurement equipment.

2.10 Finally, Some Tips Before Starting the Experiment

• Perform a pilot study. A pilot study refers to preliminary measurements con-
ducted in order to evaluate, among other things, the feasibility and soundness of
the experimental design, the safety of the procedures, the clarity of the partic-
ipant instructions, as well as time- and administration-related bottlenecks.
Furthermore, a pilot study allows for estimating the expected effect sizes and
required sample sizes.

• Check the measurement equipment. Before starting an experiment, it is impor-
tant to check whether sensors and other measurement equipment have been
positioned at the right locations and function well (e.g., free of noise or
vibrations), to calibrate instruments, and to rule out interferences (e.g., elec-
tromagnetic interferences).

• Prepare the experiment carefully. It is important to remember that preparing an
experiment occupies a large proportion of time in a research project. The exe-
cution of the experiment itself may take less than a few days, and is usually
straightforward if the experiment is well prepared.
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