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Medical researchers may regard a study mostly as a
project with medical methods and issues to be dealt with
by medical professionals. Nevertheless, this view may
allow input from other fields when necessary. For
instance, a study often includes some statistical
calculations, and if an easily handled program package
is not available, there may be a need for a statistician.
The belief that statistics is equal to analysis leads
unfortunately to the phenomenon that statisticians are
contacted at the end of the study period, when it is time
for ‘mathematical acrobatics’. Unfortunately this is, in
many cases, too late – not even the most sophisticated
analyses could rescue errors made during the earlier
vital steps, e.g. in the design and sample size calculation.
As a consequence many publications in medical
journals are statistically poor or even wrong (1–3),
and many studies are not published due to statistical
weakness. In short, medical researchers are often not
aware of the importance and broad use of statistics in a
study, even though it is clear that statistics has an
important role in medical research. In 1983 it was
shown that 70% of published articles in the New
England Journal of Medicine used statistical analysis
(4). Since then the use of statistics has increased and is
nowadays more or less standard.

In contrast to this view, a statistician may regard a
clinical study more as a study based on statistical
concepts with clinical input, rather than a clinical study
with statistical input. From this point of view it can be
rather frustrating not to be part of the vital planning
and design questions which, in the opinion of a
statistician – to a high degree – are considered as
statistical matters. Statisticians can in many cases easily
find statistical errors in studies, and sometimes are even
annoyed by (or find enjoyable) the lack of statistical
precision.

Why these views differ and why there is a lack of
cooperation is not discussed in this article. As a
statistician I can only admit that statisticians have a
great responsibility, especially with regard to marketing
and presentation of theory in its entirety and in an
understandable way. It is time to increase cooperation
and to create a mutual point of view. Both medical
researchers and statisticians must understand that each
single step of a study needs both medical and statistical
input to achieve high scientific quality. In this article
some of the basic statistical concepts of a study are
explained and justified. Design issues are discussed
briefly while statistical significance is discussed in detail.
The focus is on experimental confirmatory clinical trials
on humans, but there are some comments regarding
observational studies, e.g. case-control studies. The
objective is to illustrate that statistical issues are
important to all stages of a study. Furthermore, the
intention is to give the reader an increased under-
standing of statistics, an interest in basic concepts, some
good advice, and references to help produce high
quality studies.

The importance of a good design

It is commonly stated that a good trial is a trial with an
important and interesting question, which is answered
with precision. In a confirmatory trial the researcher
wants to use results found in a sample of patients to
make generalizations to all patients. We could say it is a
wish to change tense, from past tense to present tense.
We want to use the results from how it was (for the
studied patients), to stating how it is (generally for all
patients). To be able to make that generalization – the
switch of tense – it is necessary to have an appropriate
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design. The justification of the analysis depends on how
the data is collected (5). Unfortunately this is often a
neglected part of medical research. Perhaps it is due to a
pedagogical failure, where there is not enough emphasis
on design issues in medical statistics’ classes (6).
Designing a study is not an easy task: ‘There are only
a handful of ways to do a study properly but a thousand
ways to do it wrong’ (7), and it demands a lot of effort.
But if we bear in mind that it takes just one bias to make
a conclusion fall flat, it is worth all the effort. I will now
discuss some of the basic aspects.

Primary objective

To start with, it is extremely important to clarify the
primary objective in detail. This could be done by
stating a clear detailed hypothesis or by describing the
effect that is going to be estimated. According to the
International Conference on Harmonization (ICH) (8)
‘a confirmatory trial is a trial in which a hypothesis is
stated in advance and evaluated’. Of course this is
important for practical reasons, but it is also important
for statistical reasons. If the primary objective and a
hypothesis are predefined, then the results of the
analyses will have a much stronger scientific proof
value. This is discussed further under ‘Other dilemmas
regarding statistical significance’. Formalizing the
primary objective also includes defining a primary
variable which should be capable of providing the most
clinically relevant and convincing evidence directly
related to the primary objective of the trial [ibid.]. When
discussing the primary variable (efficacy variable, target
variable, primary endpoint), we must consider exactly
what is going to be measured and how it is going to be
measured.

Assume that we want to study the lowering effect on
blood pressure of a new treatment. Should we use the
diastolic blood pressure (DBP) after treatment, or use
the change in DBP compared to baseline? Measured
sitting or lying? Which arm? How long is the treatment?
Digital equipment or manual equipment? Repeated
measurements on the same individual? and if so, how
many? Even such a common variable as blood pressure
raises a lot of questions. A statistician, used to
evaluation of the quality of a variable, i.e. its validity
and reliability (9), can at this stage be a valuable
discussion partner. In many studies surrogate endpoints
are used (10, 11). For instance, high blood pressure is
not a problem in itself but it can cause many problems.
Therefore we are measuring blood pressure as a
surrogate endpoint for the causes, just because it is
simpler and faster and does not demand as many
patients as if we used cardiac infarction or mortality as
the primary variables.

The reliability of the variable and the expected effects
of the treatment are also important basic points for

designing the trial, namely dimensioning, i.e. calculat-
ing sample size. In an observational study, especially a
survey based upon questionnaires, we have the same
type of operational problems. We need to use a
standardized questionnaire (12) or develop new valid,
reliable questions and scales (13). In summary, to define
the primary objective and formulate it with a hypothesis
to test an effect, and to estimate and define a
corresponding primary variable, are important issues
from the beginning in a good trial. Statistical issues in
this phase of the trial are, firstly, to validate the
variable(s), and, secondly, to foresee possible analyses
and estimate the sample size.

The use of a control group

Many researchers think of effect as the difference
between the baseline value and the corresponding value
after treatment. But this is actually only a special case in
a situation where we can guarantee that nothing else
except the treatment could have affected the variable
studied. Instead, effect should be thought of as the
difference between the value at baseline and the value
after treatment, compared to the difference we would
have seen without the treatment (14). Of course it is not
possible to treat a patient and to not treat a patient at
the same time. The role of the control group is to give us
a chance to estimate what would happen without
treatment. The true treatment effect is then estimated by
comparing treatment group with control group. Thus
the justification for using a control group is basically
that changes in values could occur without any
treatment. Changes could be due to the phenomenon
regression to the mean (15–17). Generally there is a
tendency to start treatment when the studied value is on
a peak. Furthermore, it is rather common to have a cut-
off limit for in studies. For instance, to be enrolled in a
blood pressure study the patient may require at diastolic
blood pressure of at least 90 mmHg. Blood pressure is a
random variable, it rises and falls with a natural
variation (18). If the patient’s average DBP is 85 mmHg
it is not unlikely that the pressure will occasionally
exceed 90 mmHg. It is possible for this patient to enroll
in a study during such a peak. A decrease in DBP after
treatment could be partly or totally explained by the
fact that the DBP has returned to its average level (or
even a trough value). Consider a large company that
suddenly notices the number of employees absent due to
illness is extremely high. At that moment the company
starts a campaign with a bunch of health strategies. Six
months later the number of people absent due to illness
is decreased to a normal level again. Was this due to
those strategies or simply because of regress to the
average level? There are some possibilities to analyze
whether a change is due to a high initial value or not
(19, 20).
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Changes in values could also be due to a time trend
for a specific illness. Consider a number of patients with
chronic obstructive lung disease. Assume that we are
studying this group for 10 years. We expect a
progressive worsening of lung capacity. If lung capacity
is unchanged after 10 years of treatment, the difference
between baseline value and value after treatment is zero.
However it would be wrong to conclude that there was
no effect because we would expect a decrease in lung
capacity if the patients had been left without treatment.
The value under study might also be affected by placebo
effects, i.e. subconscious effects related to the patients’
or observers’ expectations. This issue is discussed
further in the section entitled ‘Blinding’.

In an experimental study a control group is easy to
find, for instance by randomizing half of the patients to
the control group. However in some designs the choice
of a control group is not always obvious. In a case-
control study the choice of the controls is a crucial step
which needs statistical considerations (see under
‘Observational studies – case-control design’). There
are other choices, such as historical controls (21, 22),
which must also be evaluated to judge the possible
influence of bias.

In summary, changes could arise for several different
reasons; the use of a control group allows us to
differentiate between changes due to treatment and
changes due to other factors.

Randomization

There are three important reasons for randomization.
Firstly, randomization is the most objective way to
allocate patients to the active group (new treatment) or
to the control group (placebo or competitive treat-
ment). If the investigators control the allocation process
there could be a selection bias, i.e. a tendency to allocate
patients in a way that advantages the active treatment.
(23, 24). Secondly, randomization is fair in the sense
that in most cases it creates groups that are equal on
average, regarding both known and unknown factors,
i.e. comparable groups. Statistical inference does not
need exactly equal groups, it takes account to
variability both within the groups and between the
groups. As a matter of fact, most of the inferential
statistics, such as tests and confidence intervals, is valid
only if randomization has been used. This is the third
important reason for using randomization.
Nonrandomized studies demand special statistical
techniques (25). Simple randomization means that
each individual is independently randomized to one
of the groups, most often with a uniform probability
distribution to the groups. In situations where it is
important to keep the groups to a similar size over time
at different centers, blocked randomization could be
used (26). To achieve an approximate balance between

the groups, regarding some important characteristics of
the subjects, biased coin design, stratified randomiza-
tion or minimization could be used (27–30).

Blinding

Clinical trials are often double-blind, meaning that
neither the investigator nor the patient is aware whether
the patient receives placebo or active treatment. The
aim is to minimize subconscious effects, for instance
optimistic judgements by the observers (observer bias).
It is also well known that patients can experience
benefits just by knowing or believing that they are on
active treatment. This effect is also known as the
placebo effect (31). One illustration is a study where the
effect of ascorbic acid on the common cold was being
investigated (32). The treatment showed a positive
effect, but it was revealed that some of the subjects had
opened the capsules and tasted the contents and thus
became aware of receiving active drug or placebo. An
analysis for taking into account the ‘broken blindness’
was performed and showed that there was no effect by
this treatment.

Observational studies – case-control design

The different concepts described above are methodo-
logically important especially for experimental studies.
There are, however, a lot of situations where it is not
possible to use an experimental design. To randomize
groups into ‘smoking’ and ‘not smoking’ would not be
possible for ethical reasons (nearly as impossible as
randomizing gender). Thus to study whether variables
like this are related to a specific health condition we
must use an observational study. There are several
possible designs (33). One of the most commonly used
designs is the case-control study (34, 35). The weakness
with such a design is that as many as 35 different
possible sources of bias have been identified (36). A
major difficulty is choosing an appropriate control
group. The general principle is to choose patients as
controls who might have been cases in the study (37).
To follow this principle, it is common to use matched
controls, by group or by individual. To use hospital
controls, i.e. patients at the same hospital who are
patients for other reasons, may be convenient but it may
lead to an underestimated relationship between the
possible risk factor and the health condition under
study. Another alternative is to use a random sample of
the general population as a control group. This is a
good idea theoretically, but it may be difficult in
practice, especially if we want a specific distribution
regarding some variables, e.g. gender and age. In a case-
control study it may be important to use blindness in
the sense that the observer is blinded. If for instance a
possible relationship between food intolerance and day/
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night-work is investigated, it may be important that the
diagnosis of food intolerance is made without knowing
whether the subject is working in the day or at night.
Blinding in this case is a protection against observer
bias. The aim with a case-control study is often to study
possible risk factors. A case-control study could be very
valuable. However, due to the many possible biases,
case-control studies should be interpreted with care
(38). Furthermore, an association shown between a
factor and a health condition in a case-control study is
not in itself proof of causality. For claiming causality
there are several other criteria to fulfil and it might be
more useful to use the term ‘risk indicator’ instead of
‘risk factor’ as long as the causality is unproven
(39–42).

In summary, an observational study, e.g. a case-
control study, is in many situations the only possible
design. It is important to evaluate possible biases and to
conduct the study in a way that eliminates these biases as
far as possible. This is an important and crucial aspect of
the work for medical researcher and statistician jointly.

To choose a design

A controlled randomized double-blind study is often
regarded as the gold standard and it is the most
scientifically accepted design. It is clear that there is a
certain hierarchy for different designs (43). Neverthe-
less, I believe that all designs could give valuable
information if used in a careful manner. A recent study
shows that the results could be comparable between
different designs (44). To weigh up the general pros and
cons for all possible designs is a good point to start at,
giving consideration to statistical, medical, ethical, prac-
tical and financial aspects. Once the specific design has
been chosen it is necessary to figure out how to minimize
the influence of possible biases. Although this can be
time-consuming it must be remembered that one single
bias might be enough to invalidate the conclusion.

Statistical significance – rather an empty expression?

Assume that you challenge a colleague to 10 games of
chess in a tournament . If you are equally good at chess
we would expect the result to be 5–5, or close to it.
Assume that the tournament ends up with a result of
3–7. There is no doubt that your colleague was better
than you regarding this tournament – no inferential
statistics is needed for that statement. But, the question
is whether the result can be used to generalize. Could we
make a switch in tense, from paste tense to present tense?
Your colleague was better, but is he/she better? To be
able to answer that question we must analyse how likely
it is to end up with a result which gives one of the players
seven or more victories just by chance, i.e. given that the
two players are equally good. As pointed out, we expect

the result to be 5–5 between two equally good players,
but as a matter of fact there is a probability of 0.34 that
one of the (equally good) players wins seven or more
games just due to randomness. Thus, I would explain the
result as a random outcome – certainly not proof of
inferiority. However, if we change the scenario to a
result of 1–9, which has a corresponding probability of
0.02, then it would be pitiable even for a bad loser (like
myself) to explain that result as random or purely bad
luck. In that case you would have to admit that your
colleague is better.

In this example, the null-hypothesis is that the two
players are equally good. For a specific result it is poss-
ible to calculate a P-value, which gives us the probability
of achieving a result equally extreme or more extreme
than our observed one, given that the null-hypothesis is
true. For instance, if the result is 1–9 the P-value is 0.02,
meaning that the probability of observing at least such a
great difference (in any direction) between the two
equally good players (null-hypothesis) is only 0.02. In
medical research it is more or less standard to reject the
null-hypothesis if the P-value is lower than 0.05. This
means that the risk of wrongly rejecting the null-hypo-
thesis equal to 5%, i.e. the level of significance is 5%.

Let us study another two examples. If the difference
between two treatments is tested and the P-value is 0.02
it leads to the conclusion that the two treatments differ in
effect. If a potential risk factor is studied in a case-
control study and the P-value is below 0.05 we may
conclude that there is a relationship (causality is not
concluded). Observe that the conclusions are in present
tense. The logic behind a hypothesis test may seem
simple. However it is a concept which is subject to much
misunderstanding and misinterpretation. To begin with
the choice of 0.05 as a limit when it is ‘beyond reasonable
doubt’ that the null-hypothesis is true is an arbitrary
choice. If the P-value were 0.049, I would say that the
proof value is not greater than if it were 0.051, but with
0.05 as a standard limit it is a difference between
statistical significance or not. Actually it could be the
difference between a ‘significance star’ or not in the
article, or even worse, it could be the difference between
published results or not. It is a fact that nonsignificant
results are less likely to be published, i.e. publication bias
(45, 46). Furthermore, a statistically significant effect of
a treatment gives us no information about the magni-
tude of the effect and thus we cannot judge whether it is
clinically relevant or not. Assume that diastolic blood
pressure is being studied and two treatments are being
compared. Imagine a study with a small estimated
difference between the two treatments, e.g. 0.6 mmHg,
and a narrow confidence interval with an absolute error
of 0.2. This means that the true expected treatment
difference is estimated to be between 0.4 and 0.8. Since
zero is excluded the observed difference is statistically
significant. But at the same time differences between 0.4
and 0.8 mmHg are not very clinically relevant, so the
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two treatments could be considered as clinically equi-
valent in efficacy. If the result is not significant it is often
misinterpreted as a proof of no clinical effect, but that is
a wrong conclusion. Consider the chess tournament
again: if the tournament ends with the result 3–7 it is not
statistically significant. Thus we cannot conclude that
your colleague is superior but we cannot conclude
equality either. The only possible conclusion is that we
do not have evidence enough for proofing a difference.
In a survey of 71 published trials with no statistically
significant results it was shown, by calculating con-
fidence intervals instead of P-values, that nearly half of
the trials showed a potential therapeutic improvement of
50% (47).

Thus a nonsignificant result does not exclude clini-
cally relevant effects. This can be elegantly described by
the phrase ‘Absence of evidence is not evidence of
absence’ (48). Another misinterpretation about P-values
is that P-values reflect the magnitude of the effect under
study. It is a rather common belief that extremely low P-
values, let us say lower than 0.001 implies a greater effect
than in a studies with a P-value lower than 0.05. How-
ever, a low P-value can easily be achieved by using a
large sample size. Extremely large studies can give small
P-values even if the observed difference is small. Thus an
extremely small P-value does not imply a great effect.
The common misunderstandings presented above are
the reasons for recommending confidence intervals
instead of P-values in presentations (49). A confidence
interval contains both information about the magnitude
of the observed effect and information about whether
the result is statistically significant. In summary, statis-
tically significant results can be clinically relevant, or not
clinically relevant, or even clinically equivalent (quite
rare, but possible). Furthermore a nonsignificant result
cannot exclude possible clinical efficacy. Thus, the
expression ‘statistically significant’ is rather an empty
expression. A confidence interval is the recommended
presentation since it allows us to interpret statistical
figures in a clinical perspective.

Sample size considerations

When testing hypotheses two things can go wrong.
Firstly, we may reject the null-hypothesis even if it is true
(a type I error). To use 0.05 as significance level means
that the probability of making a type I error is 0.05.
Secondly, we may accept the null-hypothesis even if it is
false (a type II error). Instead of discussing the
probability of making type II errors it is common to
discuss the power of a test, which is the probability of
correctly rejecting the null-hypothesis. In our tourna-
ment example the power is the probability to receive a
significant result (concluding that one player is superior)
given that one player actually is superior. If two treat-
ments are to be compared, the power is the probability

of receiving significance if there is a true difference
between the two treatments. Roughly, then, it is the
chance of statistically proving a difference, if there
actually is a difference.

It is obvious that the power is dependent of the
magnitude of the difference. For instance, how likely is it
that our chess tournament ends up with a significant
result if your colleague is better? Well, it depends on the
magnitude of the difference. If your colleague is among
the top 10 players in the world, while you have only just
learned the rules, the power is high even if only 10 games
are played. But if your colleague is just slightly better
than you, it is likely that this will be unproven (luckily
for you) over only 10 games.

The power is also dependent on the level of signifi-
cance, the variability of the variable studied, and the
sample size. A large sample size could lead to a
significant result even if the difference is small. But it
is always relevant to raise this question if it is worth the
effort to show a small difference. In the same way, it is
not wise to use a sample size that is too small which
could lead to a nonsignificant result even if the observed
effect is of great clinical interest. As discussed earlier a
survey of trials proved that nearly half of the nonsig-
nificant trials showed a potential 50% therapeutic im-
provement. This implies that a lot of studies do not have
large enough sample sizes. In another survey of trials it
was concluded that most nonsignificant trials do not
have samples of sufficient size for detecting relative diff-
erences as large as 25% or 50% between treatments (50).

Careful power considerations before the study starts
are important. It is worth mentioning that power
calculations (51, 52) in most cases rely on estimated
difference and estimated variability, which implies that
power and sample size calculations also are approx-
imate. Thus, it may be a good idea to have a discussion
regarding the observed result in relationship to the
sample size used. For instance, the variability may be
higher than expected and that could explain why the
result is not statistically significant even if the estimated
difference is clinically relevant and as large as expected.

Other dilemmas regarding statistical significance

If we study several different variables and perform a
significance test on each of them, the risk of falsely
rejecting at least one is fairly high. Assume that we
perform a randomized study with two groups, and give
both groups exactly the same treatment. If we analyse 14
independent variables, the probability of receiving at
least one significance is more than 50%, even if we know
that the treatments de facto are equal. Therefore, it is
difficult to judge objectively whether a significant
variable found by analysing a large number of variables
is due to random effects or if it is due real effects. If a
confirmatory trial includes several primary variables it is
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possible to adjust for the multiple testing (53, 54). In an
explanatory trial no hypothesis or primary variables
need to be pre-defined. Such an approach can give plenty
of valuable information. However, results from statis-
tical significance analyses must be carefully interpreted.
Due to the problem with multiple testing, a statistical
significance may only be regarded as a generated hypo-
thesis – a ‘flag’ telling us that there may be something
interesting. Of course the proof value increases if the
significance is medically motivated or if the same
significance is found in other independent studies
(confirmatory or explanatory).

Another more philosophical point is that the hypo-
thesis ought to be stated in advance. Take the example of
a small company of electricians where it is noticed that
the proportion of boys among the employees’ children is
extremely high (P-value 0.04). This could hardly be
regarded as proof that electricians are more likely to
have sons than daughters. If we consider all the com-
panies in the world, there must be several with a high
proportion of either boys or girls. In most situations we
might expect a balance between boys and girls, and in
such a company no one would think of testing whether
there was a difference in proportion of boys and girls.
Thus, to use a random finding to invent a hypothesis and
to regard it as proven is a non-valid argument. But if the
hypothesis (relationship between ‘electricity’ and gen-
der) was generated in earlier trials and if this company
was randomly chosen, then the significance would have
a higher proof value. It is therefore important that the
hypothesis and the corresponding variable are justified
and stated in advance.

Concluding remarks

Firstly, I pointed out that it is important to have
statistical input right from the planning phase of the
study. Secondly, I indicated that there are a lot of

potential pitfalls at each step of the study. Thirdly, I
explained that the different steps are dependent, that is
the strength of the analysis depends on the design.
These three arguments justify my conclusion that
statistical issues are significantly important to medical
research.

This discussion also justifies that statisticians should
have an active part in the study team, not playing
‘second fiddle’ as an adviser on the odd occasion.
Cooperation between clinicians and statisticians is
essential to guarantee that the study is planned and
performed in a way that allows meaningful analyses and
valid conclusions. When a new study is scheduled I
would like to recommend that the first meeting should
not take place until a statistician is present; unfortu-
nately there are too few statisticians available.

Nevertheless a lot of good information is available:
there are excellent and comprehensive books written for
readers who are nonstatisticians, for instance, the books
written by Altman, Bland and Campbell et al. and
Pocock are recommended (55–58). For statistical issues
especially related to drug development, Senn has written
an excellent book which also shows that statistics and
humour are not mutually exclusive (59). There are also
some guidelines available. With respect to the reporting
of trials the CONSORT statement should be consulted
(60). A detailed guideline which also contains checklists
used by several medical journals is given in a book edited
by Gardner and Altman (61). In order to perform meta-
analyses (62) it must be possible to judge the details of
the study design; for this reason reporting a trial
according to guidelines is important.

Even if some answers are given in the literature, I hope
that the future will bring increased cooperation between
statisticians and medical researchers. It would benefit
the development of both medical research and statistical
research, it would benefit the quality of science, and it
would benefit the patients.
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