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C H A P T E R 10

formed purely in search of some significant find-
ings, which are meaningless or statistically incor-
rect. It should also prevent the situation arising of 
the investigator or the statistician not being able 
to analyze the collected data with suitable statis-
tical methods.

In this chapter, we discuss the most important 
issues on the statistical analyses related to a study 
or experiment. Further information can be found in 
the huge literature on statistics in medical research. 
We also mention some helpful textbooks in the ref-
erences. 

10.2	  �Development of the Data 
Analysis Plan

The design of the study is directly related to the 
statistical analyses or data analysis plan. Hence, 
the treatment of data and the intended statistical 
analyses are discussed at the beginning of the 
study and form part of the study protocol.

Statistical Analysis for 
Clinical Studies
Jürg Hüsler

10.1	  Introduction

A quantitative research study has to be carefully 
planned with the design of the animal experiment 
or the clinical trial with patients held in mind. One 
has to formulate the research question and find 
existing published information on this question. 
The aim of the study is to gain new meaningful 
answers on the research question. One has to 
describe the population, the variables, measure-
ments, outcomes, endpoints or parameters, and 
the factors that have or might have an impact on 
the primary endpoints. One has to fix the rand-
omization method, which should be applied, and 
the blinding, if important and necessary to pre-
vent biases, to determine how to collect the data, 
and how one can analyze the data with the appro-
priate statistical methods. One has to plan the 
statistical analyses in advance as per a good scien-
tific practice, where one determines the appropri-
ate statistical methods to be applied. This also 
prevents too many statistical analyses being per-
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sites are used, the sites should be randomized to 
the implant types to prevent biased or confounded 
measurements and results. Simple tests are usually 
not possible for the comparison of different 
implants in the case of dependent records. If there 
are only two implant types or grafting materials 
investigated in each animal, then the statistical 
analysis is based on simple well-known tests; one 
would have to apply the paired t test or the Wil-
coxon signed rank test depending on the type of 
endpoint (metric or ordinal) and whether the 
assumptions of the two tests are holding. 

One distinguishes the endpoints by priority. The 
primary endpoint(s) should answer the main 
question and hypothesis. For this part, one has to 
clearly state the intended confirmatory statistical 
methods in the statistical plan. For the secondary 
endpoints, the intended statistical methods are 
more to explore further insights into the posed 
questions. Quite often these secondary answers 
lead to further research and studies.

Example 10.1
Statistical method section of a publication is based 
on the statistical analysis plan. This part in the 
publication mentions briefly the most important 
part of the statistical analysis plan. Usually it does 
not include everything.

For instance, we read for our mentioned graft-
ing example: 

Mean values and standard deviations as well as 
the 25th (lower quartile), 50th (median), and 75th 
(upper quartile) percentiles were calculated for 
each outcome variable. The main interest was 
focused on vertical and horizontal bone resorption. 
Some corresponding primary variables were stated.

Differences between test and control sites were 
analyzed using the Wilcoxon (signed rank) test for 
paired observations. The level of significance was 
set at α = 0.05.

Often one also mentions the statistical software, 
which is used for the analysis of the data. Note 
that this part does not mention whether and how 
the randomization is applied. The hypotheses are 

When designing the study, one has to think 
about how the questions can be answered with 
suitable and appropriate statistical methods. There 
exist a huge number of available statistical meth-
ods, which are very different. One is not always 
applying only the t test or the chi-squared test. 
The analysis plan depends on the variables to be 
observed. One has to formulate the primary end-
point(s) which is (are) answering the primary 
questions or hypotheses. Endpoints can be of dif-
ferent qualities; they are categorical, ordinal or 
metric. If the endpoint is (for example) ordinal, 
one has to apply appropriate methods (usually 
nonparametric ones), which are different from the 
ones used if the variable is metric or categorical. 
Means and standard deviations are not appropri-
ate for ordinal data or scores, as well as for asym-
metrically distributed data, e.g., survival data. In 
such cases medians and interquartile ranges 
should be applied. Categorical data are usually 
represented by frequencies and proportions. 

The selection of the statistical methods also 
depends on the number of study arms, on the 
possible impact factors (possibly used for stratifi-
cation), and the dependence relationship between 
the considered variables. For instance, if several 
implants are placed into each of the rabbits or 
dogs, one observes typically dependent (clus-
tered) data of the implants within an animal. One 
cannot state that the data are independent with-
out additional arguments. Then the statistical 
analysis has to be adapted and made appropriate 
for such correlated data. Note also that if several 

Box 10-1    Elements of a data analysis plan

• � Primary and secondary endpoints to be 
measured

• � Descriptive statistical methods to be used
• � Graphics to be applied
• � Statistical hypotheses 
• � Fixing the significance level α = 5%
• � Statistical tests and models for answering the 

hypotheses
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stated typically earlier in the publication. They 
should be formulated as precisely as possible in 
the statistical sense, stating whether they are two-
sided or one-sided. Usually one investigates two-
sided hypotheses. The possible dependence of 
data is usually also mentioned earlier in the publi-
cation, or one has to derive it from the description 
of the study plan in the material and method sec-
tion. The nonparametric tests are applied without 
applying a test for the normality of the data, 
which is reasonable because of the small sample. 
We note that no correction for the multiple testing 
of the selected endpoints is applied. When means 
and SDs are derived, one is assuming that all the 
outcome variables are metric and symmetrically 
distributed.

10.3 Randomization Procedures

Randomization is a principle in a trial to allocate the 
patients or animals to the treatments (Fig 10-1). 
The randomization is needed to ensure that the 
characteristics of the patients or animals do not 
confound with the treatment outcomes. It ensures 

that the outcome is not biased. This randomization 
is certainly needed in a randomized controlled clin-
ical trial. One expects that in a randomized study, 
the subject characteristics are more or less bal-
anced, e.g., that the ages or gender distributions of 
subjects are comparable in the treatment groups. 
Hence, we expect unbiased results on the treat-
ment effects, on the primary endpoints, if the ran-
domization is correctly applied. 

Other sampling methods are also known, for 
instance the convenience sampling (posing the 
problem of generalizability), the quota sampling 
(providing no good estimate of the true param-
eters), or cluster sampling (which is less effi cient 
than random sampling). These sampling methods 
should not be used in scientifi c osteology studies. 

Mean or median

t test or Mann-Whitney test

Multiple testing

Confi dence intervals

Primary endpoints

Study design

Histogram or box plot

Hypotheses, null or alternative

Statistical Analysis Plan

Fig 10-1  Randomization procedures. 

Box 10-2  Randomization:

•  Simple randomization 
•  Stratifi ed randomization
•  Balanced randomization
•  Computer generated random numbers or 

codes
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Hospital numbers, birth dates or social security 
numbers are, for example, inappropriate numbers 
for the randomization.

Usually, one applies blinding of the treatments 
in a randomized controlled study to prevent 
biased treatment effect data. The randomization 
in osteology studies is usually used for assigning a 
patient or an animal to a certain treatment, using 
one of the possible implants or one of the possible 
grafting materials. It is also used, for instance, to 
assign the grafting material to the planned sites 
within an animal.

Example 10.2
If one compares two treatments, one has to allo-
cate a patient to group 1 or 2 by a random num-
ber, as with a coin. This may result in unbalanced 
group sample sizes. For instance, if we throw a 
coin 10 times, one may get the sequence of head 
and tails, coded as 1 and 2, respectively – 1, 2, 2, 
1, 1, 1, 2, 1, 2, 1 – hence 6 times a “1” and 4 
times a “2.” If one wants a balance with 5 times a 
“1” and 5 times a “2,” one has to randomly per-
mute the 10 digits, consisting of 5 “1”s and 5 
“2”s, with the help of computer software. This 
may result in 2, 2, 1, 2, 1, 1, 2, 1, 1 and 2. We 
would get rarely the systematic series with 1, 2, 1, 
2, 1, 2, 1, 2, 1 and 2.

If grafting is applied on each side of the tibia of 
a minipig, then the treatment and the control 
should be randomly assigned to the side. This 
should prevent a confounding bias. Hence, one 
selects with a random number generator or a coin 
the “1” or head for a left side, and “2” or tail for 
the right side. 

The randomization with more than two treat-
ment groups is little more complicated, but easily 
done with statistics software. Randomization is 
performed nowadays with a computer software 
pseudo-random number generator. One should 
not perform the randomization by hand.

One may select the randomization sequence 
with the software during the planning of the 
experiment and fix this derived randomization 
sequence in a list, which is used during the trial 

when a new patient or animal is entering the 
study. For instance, one may put the randomiza-
tion code in a sealed envelope for every patient; 
the envelope is opened when a patient enters the 
trial. The random code is indicating the treatment. 
If possible and if needed, the treatment is blinded 
to the operator and patient. It is best that the code 
is only known to a person independent from the 
study team. The code is kept secret until the end 
of the trial.

Another randomization method is possible by 
using computer software, which presents the code 
interactively. A new code is created or derived 
when a new patient or animal is included in the 
study to be assigned to one of the treatment 
groups. Also the performed randomization has to 
be kept secret (if possible) until the end of the 
study, when the codes are broken for the statis-
tical analyses. The recruitment team should not 
know the next randomization code, because it 
might have an impact on the selection of patients.

In large studies, one stratifies the important 
prognostic or impact factors. In such a case, one 
uses the aforementioned simple randomization for 
each stratum of such an impact factor. By this strat-
ified procedure, one expects to have allocated a 
balanced number of patients to the treatments 
within each stratum. This is shown in Example 10.3.

Example 10.3
A dentist wants to randomize 20 patients to a 
grafting treatment and a control group. For exam-
ple, if the gender is an impact factor, the random-
ization by strata guarantees that roughly the same 
number of women as men receive the different 
treatments.

Since one does not know in advance how many 
men and women will be recruited, one needs a list 
of random numbers for the men and the women 
that is sufficiently long. Certainly if each list con-
tains 20 random numbers, they are sufficiently 
long. 

Furthermore, one will stop recruiting after the 
20th patient. This would eventually result in an 
unbalanced number of treated and control 
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patients. To prevent this outcome, one balances 
the random number in each group so that the 
sequence of random numbers is always balanced 
after, for instance, four numbers. One may also 
select a different number for the balancing of the 
randomization. 

For instance, one would use the following ran-
dom sequences with “1” indicating the treatment 
and “2” the control. For example:
•	 For men: 1, 2, 1, 2, 2, 2, 1, 1, 2, 1, 2, 1, 2, 1, 1, 

2, 1, 2, 2 and 1.
•	 For women: 2, 1, 1, 2, 1, 1, 2, 2, 1, 2, 1, 2, 2, 1, 

1, 2, 2, 2, 1 and 1.

Please note that in each block of 4 numbers, one 
has twice a “1” and twice a “2.” If one stopped at 
the 20th patient, having recruited 7 men and 13 
women, one would have 3 men in the treatment 
group and 4 men in the control group, and 6 
women in the treatment group and 7 in the con-
trol group. This is a sufficiently balanced sampling 
with stratification. Figure 10-2 shows an example 
with three treatments.

10.4	� Power Analysis and the 
Derivation of the Sample Size

If the design is feasible, one should also know in 
advance the necessary effort to get a good reliable 
answer on the research question. The effort is 
related to the sample size. If the sample size 
selected is too small, hence the effort is too little, 
then one risks not getting a clear answer. If the 
sample size is large or too large, then one finds a 
clear answer, but the effort is too large and one 
includes too many animals or patients. This 
method is also ethically not correct. Thus the sam-
ple size should be selected with large chance, so 
with the so-called statistical power, one finds a 
medically meaningful answer or decision. This 
answer is based mostly on a statistical test result, 
usually a significant one.

Let us discuss the derivation of the necessary 
sample size for a medical study. Several statistical 

terms are involved in this derivation. Therefore, we 
need to understand the statistical terms: the hypoth-
eses; the significance level α (usually α = 0.05); the 
power of the test; the statistical test to be used for 
the primary endpoint and the primary question; the 
clinical relevant effect which gives a medically 
meaningful answer; also the distribution of the data 
of the primary endpoint. If certain factors have an 
impact on the endpoint, this should also be known 
and considered in the power analysis.

10.4.1	Hypotheses 
One starts with the statement or (statistical) 
hypothesis that we wish to show. Since we can 
only falsify and never prove a hypothesis, a claim 
is proposed as an alternative hypothesis, a 
so-called H1 hypothesis, as explicitly as possible in 
statistical terms. For example, we can suppose 
that the buccal bony wall thickness has an impact 
on the hard tissue changes at implants after three 
months. Two sites with different thicknesses 
(1 mm or 2 mm) are selected. The statistical alter-
native hypothesis is now formulated: the mean 
changes at the two sites are different. 

The contrary is the so-called null hypothesis 
H0, which we want to falsify or to reject with a 
statistical test using the data. For this example, 
we would formulate the null hypothesis as: “The 
mean changes at the two sites are not different.”

The H1 hypothesis can be stated as two-sided 
(e.g., the mean BIC (bone-to-implant contact) µ1 
of one implant type is different to the mean BIC 
µ2 of another implant type) or one-sided (for 
example, the mean BIC µ is after a certain time 
larger than µ0 = 50% for a certain implant type).

Box 10-3    Sample size and power  
determination depends on:

• � Null and alternative hypotheses (H0 and H1)
• � Medically relevant effect to be detected
• � Variability of the measurements 
• � Statistical test to be applied
• � Error probabilities and power
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Example 10.4
Let us consider the simple two group comparisons 
to investigate a new grafting material. One starts 
with the main question to be investigated. 
• Motivation: The grafting treatment in defects 

has an impact on the primary endpoint “new 
bone volume in relation to the total volume” 
(BV/TV). This variable is a metric one. The new 
material is compared to a control treatment. 
One has two groups (treatment and control) of 
data to compare. 

• Statistical hypotheses: H0: µT= µC versus H1: 
µT≠ µC where µT indicates the mean (or 
median) of BV/TV in the treatment group and 
µC indicates the mean (or median) in the con-
trol group. Note that statistically one compares 
means (or medians). This comparison is more 
stringent than the formulated statement of the 
motivation. One does not compare the whole 
distribution.

10.4.2 Decisions and Errors
The decision of a statistical test either rejects or 
cannot reject the null hypothesis. Since we do not 
know the truth, namely the true hypothesis, this 
decision can be correct or false. 

If the null hypothesis is true, we may reject this 
hypothesis by chance. The probability of doing 
this false decision is called α, and the error as 
type-1 error. For example, we may conclude by 
chance that the means BIC of two implants are 
different but the truth is that they are equal. This 
result is also called a false positive one. 

Contrary, we may not reject the null hypothesis, 
in case the alternative hypothesis is true. In this 
case, we would conclude that the two means BIC 
are not different, but the truth is that they are dif-
ferent. This result is a called a false negative. The 
probability of this false decision, called type-2 
error, is denoted by β. 

In the statistical work we wish to perform only 
seldom an error or false decision. Thus, the error 
probabilities α and β should be small. Typically, we 
select α = 0.05. Also β should be small, too, and 
surely not larger than 0.2.

Note also that one cannot reject the null 
hypothesis, it does not mean that the null hypoth-
esis is true, because of the falsifi cation principle. 
This erroneous interpretation is unfortunately 
often communicated. In such a case, the decision 
is not conclusive.

Treatment A
Subjects 4, 6, 7, …

Treatment B
Subjects 2, 3, 8, …

Treatment C
Subjects 1, 5, …

Randomization

Random number sequence
3,2,2,1,3,1,1,2,…

Subjects
1,2,3,4,5,…

1

2

3

Fig 10-2  Elements of a statistical analysis plan.
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10.4.3	Power
The determination of the probability β depends on 
further ingredients and can be rather complicated. 
The probability of a correct decision, if H1 is true, is 
called the power of the test; so the power is 1-β. 
This value should be at least as large as 0.80. It 
should also be noted that selecting a larger power 
(e.g., 90%) needs a larger sample size.

10.4.4	Sample Size Derivation
The determination of the sample size, the goal of 
this section, is based on formulaes for the different 
study investigations and statistical tests or meth-
ods. The most common cases are investigations of 
means or of proportions. We may present our 
result as an estimate with a confidence interval or 
we may compare estimates of different groups by 
a statistical test. Both methods depend on the 
sample size. The power and sample size deriva-
tions depend on additional items, as follows.

For the case of statistical comparison of means, 
one has to select the medically relevant effect (dif-
ference of two means) of the primary endpoint. If 
one does not know it, it may eventually be found in 
existing scientific literature or in a pilot study (up to 
a certain accuracy). One has also to know the vari-
ability of the primary endpoint. This value can pos-
sibly also be found in the literature (up to a certain 
accuracy) or by performing a pilot study to get an 
estimate of this variability. Furthermore, the distri-
bution of the data should be known approximately. 
This could also be found in a pilot study. The latter 
is important to select the appropriate statistical test 
procedure, which is fixed in the statistical analysis 
plan (Fig 10-2). For example, normally distributed 
data allow us to use a parametric ANOVA in a small 
sample case. If this is not holding one has to apply 
so-called nonparametric statistical methods. With 
these items, one uses statistical software to derive 
the sample size needed to have a power of 0.80, 
for example.

Example 10.5
We consider the following simple statement in a 
publication. We have changed some of the given 

formulations to avoid the particular case and to 
make it more general. 

Assuming a standard deviation of the primary 
endpoint of 1.0 mm and an expected intergroup 
difference of 1.0 mm, a sample of 40 patients 
(20 patients per each of the two groups) had a 
power of 89% in detecting a significant inter-
group difference (at significance level α = 0.05) 
with a two-sided test.

Note that the statistical test of this two-group 
comparison is not mentioned. We have to guess 
that the investigators want to apply the common t 
test or the Mann-Whitney test for two independent 
groups. No word is given whether the primary end-
point is normally distributed or has another distribu-
tion. They did not fix the power to be 80% or 90%, 
as usually. It seems more that the sample size is 
fixed to be 20 per group. The standard deviation of 
the primary endpoint is given (SD = 1 mm) and the 
effect, which should be detected, also 1 mm. Is this 
effect of 1 mm medically relevant? It is as large as 
the SD. This does not mean that the effect is already 
medically relevant. The alternative hypothesis is 
stated two-sided, comparing the means of the two 
groups. Then some statistical software was used to 
derive the necessary sample sizes per group. Deriv-
ing the sample sizes needed for the power of 90%, 
we get n = 21 per group based on the Mann-Whit-
ney test (using the logistic distribution) or n = 22 
per group based on the t test. If we set the power to 
80%, then the sample sizes are n = 16 for the non-
parametric Mann-Whitney test and n = 17 per 
group for the parametric t test. We note that the 
distribution has an impact on the power derivation. 
Note that one selects α = 0.05, not P = 0.05.

10.5	� Essential Statistical Analysis 
Tools

10.5.1	Descriptive Measures
Statistical analysis starts with the description of 
the data. The description involves summarizing 
the data into so-called statistical measures. For 
the location of the data, one usually uses the 
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mean, the median, the minimum and the maxi-
mum of the data, sometimes also quartiles or 
certain percentiles (e.g., the 5 and 95 percen-
tiles). Then one describes the variability of the 
data with the standard deviation or the inter-
quartile range (difference of upper and lower 
quartile). More measures are available, for 
instance for the skewness (asymmetry) or sym-
metry of the data. One should use not only mean 
and SD for metric variables.

One has to know the meaning of these meas-
ures, the properties and fallacies. Some are more 
robust than others. By robustness, one thinks that 
a descriptive measure can be strongly influenced 
by one or a few outliers. For instance, the mean is 
not robust, whereas the median is rather strongly 
robust. To be more explicit, if one value of the 
observations is large or an outlier tending to ∞ 
(say), then the mean tends also to this outlier and 
tends to ∞ if the outlier does, whereas the median 
is not at all changing in value. Many outliers have 
no impact on the median, contrary to the mean. 
With many it means that if less than 50% of the 
data tend to ± ∞, they have in the worst case no 
impact on the median (see Example 10.6). It is 
similar to the situation for the standard deviation, 
which is not robust against outliers; however, the 
interquartile range is robust. 

Example 10.6 
Let us consider a sample of n = 11 data of Bayesian 
information criterion bone-to-implant measure-
ments. The BIC values are shown in Fig 10-3 as 
black dots on the upper axis. We plot the mean 

(circle) and the median (being equal to one of the 
observations, namely the 6th smallest one) also. 
Then we select the four largest observations and 
move them to become outliers (by adding 35 
units). This data set is shown on the lower axis 
together with the new mean and median. This 
shows clearly that the median is not affected by 
the four outliers, but the mean moved away to 
larger values following the outliers.

Note that in the first case the median (= 37.5) is 
almost equal to the mean (= 36.0). We note that 
the distribution is quite symmetrical. In the second 
case, the mean (= 48.7) is larger than the median. 
More than half (7/11) of the data are smaller than 
the mean. The median is still the same value. The 
mean has moved by 12.7 units (12.7= (4 x 35)/11).

10.5.2	Graphs
To describe the data, one also applies graphs that 
visualize the distribution of the data (see Fig 10-3) 
or one may show only a few aspects of the data. 
Again graphs that are related to the types of data 
are applied. One typically uses bar charts and rarely 
pie charts for categorical data and histograms, box 
plots, and mean-SD plots (Fig 10-4) for numerical 
data. Note that Fig 10-4 is much less informative 
than the scatterplot of Fig 10-3. A table with 
means, medians and SDs would often be suffi-
cient, instead of such a simple graph with little 
information.

Scatter plots are applied when one is interested 
in the relationship between two numerical varia-
bles. But we can also use a scatter plot for one 
variable alone as in Example 10.6. 

Some of the graphs are not appropriate for 
small samples e.g., a box plot should not be used 
for sample sizes less than 25 and histograms not 
for sample sizes less than 50. In small samples it is 
better to show the data in scatter (or dot) plots.

There are many other plots that try (for instance) 
to visualize certain aspects of higher dimensional 
data. However, do not use 3D effects if the third 
dimension is meaningless, since it manipulates the 
graphical impression negatively. Also be careful 
with the use of colors and the shading of bars. A 

Box 10-4    The major statistical tools can be 
grouped into:

• � Descriptive measures
• � Graphs
• � Statistical estimates and confidence intervals
• � Statistical tests
• � Statistical models for more complex  

questions
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graph should communicate interesting informa-
tion on the data and visualize clearly the results of 
the main question. It should be as concise as pos-
sible.

10.5.3	�Statistical Estimates and Confidence 
Intervals

Statistical answers are usually combining the data, 
filtering certain information out of the data, and 
presenting this information with the descriptive 
measures as means, medians and standard devia-
tions (SDs). Since the data in the sample are col-
lected at random, the results are also random, and 
are not equal to the true population values. The 
sample mean, for instance, estimates the popula-
tion mean. Depending on the sample size, this 
estimate is more or less accurate. One knows that 
the sample measures (mean, median, SD) are 
rather close to the population measures (mean, 
median, SD) if the samples are very large. How-
ever, in the usual experiments and clinical studies 
in osteology, one does not have very large sam-
ples. Hence, one should know the accuracy of 
these statistical measures, or the so-called varia-
bility, measured often by the so-called standard 
error. If this standard error is small, one has more 
confidence that the sample measure is close to the 
population measure.

Mean

Mean

Median

Median

0 20 40 60 80 100

0 20 40 60 80 100

Fig 10-3   If mean and median are different in a sample, it tells us that the distribution is possibly not symmetrical 
or that there are a few large (or small) values or outliers; hence, it cannot be a normal distribution (Example 10.6).

Mean and SD plot of Example 10.6

Original data

100

80

60

40

20

0
Manipulated data

BIC

Fig 10-4   Mean and SD plot. One cannot detect 
possible outliers or an asymmetry of the data distribu-
tion.
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A good statistical principle is to determine 
so-called confidence intervals, which combine 
the estimate of a population measure with its 
variability to show its accuracy. In particular, if a 
test result is non-significant, maybe resulting 
from a low power, one should present the possi-
ble difference of means or proportions by a con-
fidence interval.

This estimation is expressed as an interval 
meaning that any of the values in the interval 
might be the population measure with good con-
fidence (typically 95% confidence probability). 
These values are in good accordance with the 
sample information. One says also that the val-
ues outside the confidence interval would be 
rejected by the corresponding test if one states 
this value as the hypothetical value. To explain 
this more explicitly, let us consider a simple 
example.

Example 10.7
Let us use the data from our Example 10.6 above 
without outliers (upper axis). We note that the 
sample is small (n = 11) and that the data are not 
normally distributed. Hence it is appropriate to 
apply the nonparametric test, here the Wilcoxon 
signed rank test for the one sample case. One 
would expect that the median is for instance larger 
than 40%. Then we describe the median with the 
corresponding nonparametric 95% confidence 
interval, which is (21.75, 50). It indicates that any 
value between 21.75 and 50 is in accordance with 
the data as a population median. If we pose the 
hypothesis that the population median is 40, say, 
then the Wilcoxon signed rank test would not 
reject the null hypothesis (with α = 0.05), telling us 
that this value is in accordance with the data infor-
mation. However, if we pose the hypothesis that 
the median is 60%, then the Wilcoxon signed rank 
test would reject the null hypothesis and tell us 
that the data are not in accordance with the null 
hypothesis. The same holds for any other value 
outside the confidence interval (21.75, 50).

This principle holds for any other test and its 
corresponding confidence interval, as for instance 

the t test and its most often applied parametric 
confidence interval based on mean and standard 
error.

10.5.4	Statistical Tests
A major part of the statistical analysis consists of 
statistical tests. A statistical test weighs the 
observed result of the sample to give some evi-
dence on the findings in relation to the stated 
hypotheses. Above, we mentioned already some 
well-known and often-used tests. In the statistical 
literature, there exist many tests for different com-
parisons and hypotheses. One most often com-
pares means or medians of a metric endpoint or 
compares frequencies or proportions of a categor-
ical variable. The selection of the appropriate test 
for the posed question or hypothesis is often not a 
difficult task when one applies certain principles.

Firstly, one should know how many groups are 
compared and if these groups somehow depend 
on each other. For instance, if one has repeated 
measurements from the same subject (e.g., in 
time), then the data of the groups are dependent. 
This happens also in split-plot animal studies 
where the data within the same animal are 
dependent.

The selection of the appropriate test for the 
posed question or hypothesis also depends on the 
sample size and the underlying distribution of the 
data. If the normal distribution holds for the data, 
then a parametric test (e.g., the t test or the F test 
of an ANOVA [analysis of variance, which com-
pares more than two means]) can be used for the 
comparison of the groups. If the data of two 
groups are pairwise dependent, one applies the 
paired t test, if they are independent, then the 
unpaired t test. In addition, if the data are not nor-
mally distributed, one cannot apply the t tests in 
small samples. If the sample sizes of the data in 
each group are large, bigger than 50 or more, and 
if the data are not strongly asymmetrically distrib-
uted, then one may apply the appropriate t test 
because of theoretical reasons (so-called central 
limit result). In the other cases, it is more appropri-
ate to apply the nonparametric tests, such as the 
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so-called Wilcoxon signed rank test for pairwise 
dependent data, or the Mann-Whitney test for 
two independent data groups. They are based on 
some mild assumptions on the shape of the distri-
bution of the data. They can be used also for large 
samples. They can be better and more powerful 
than the t tests, depending on the type of the data 
distribution. Similar is the discussion with more 
than two groups. One may apply parametric or 
nonparametric ANOVA methods: the parametric 
F test and the nonparametric Kruskal-Wallis test 
for the comparison of more than two independent 
data groups. All these tests can be easily deter-
mined with the help of most statistical software.

A good conservative principle is applying a 
nonparametric test, if one is not sure on the nor-
mal distribution of the data. Validation of the 
normality assumption is a bit unreliable or impos-
sible in small samples. Applying a test for nor-
mality, as for instance the Kolmogorov-Smirnov 
or even the more powerful Shapiro-Wilks test, is 
not really helpful because of their low powers in 
small samples. Do not apply a statistical method 
and test if their assumptions are not holding. 
Note that if the test for normality does not reject 
the null hypothesis, it does not mean that the 
data distribution is a normal one. It depends on 
the power of the normality test which is small in 
small samples.

Example 10.8
Let us consider the two-sample comparison. We 
compare the means or the medians if the data 
are scores or are not symmetrically distributed. 
We assume that the variable is a metric one. We 
have to decide whether the two samples are 
independent or dependent (in this case pairwise 
matched). 

We consider first the case of two dependent 
samples, which are pairwise matched. For 
instance, one observed bone values at baseline 
and 4 months after implantation for each of 23 
patients. The sample size n = 23 is not large. 
Now we have the choice of applying the (para-
metric) paired t test or the (nonparametric) Wil-
coxon signed rank test. This choice depends on 
the distribution of the data, in this case on the 
differences of the paired values. If this distribu-
tion is a normal one, one may apply the t test. 
Otherwise we have to apply the Wilcoxon 
signed rank test (if the differences are somehow 
symmetrically distributed around the median of 
the differences). If one is not sure about the nor-
mality of the data, it is better to apply the non-
parametric test. Since n = 23 is a small sample 
size, it is safer to apply the nonparametric test. 
Often the parametric and nonparametric tests 
show the same decision; however, the paramet-
ric one might be incorrect. 

Box 10-5    Selection of an appropriate test  
is based on:

• � The hypothesis and the measures to be  
compared

• � The type of the variable or endpoint  
(categorical, ordinal or metric)

• � The number of groups to be compared
• � The sample sizes
• � The independence or dependence of the 

data
• � The distribution of the data

Box 10-6

Pitfalls: Do not use many statistical tests with-
out any correction of the type-1 error rate α, 
since one increases the number of false positive 
results in a paper. Fix the primary endpoints, 
which should be only few, one or two, where 
one uses eventually a correction of the type-1 
error rate. For secondary endpoints one does 
not correct the type-1 error rate, because one 
accepts such significant results in the explora-
tive meaning indicating interesting further 
research. 
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10.5.5	Statistical Models

What is a Statistical Model?
Finally we mention the statistical models as possi-
ble tools in the statistical analysis. With a model, 
one tries to analyze the relationship between 
observed variables. Quite often, one has a pri-
mary endpoint, which may depend on some fac-
tors. For instance, one investigates the ingrowth 
of an implant. The BIC is the primary endpoint. 
Influencing factors might be: the types of implant; 
the material of the implant; the surface treatment 
of the implant; the size (length or diameter). Typ-
ical questions to answer are whether the BIC 
depends on one or on several of these factors.

Another example: when one compares three 
different grafting materials in a study, where each 
material is placed twice (bilaterally) in a dog’s 
mandible, one needs a model to answer the ques-
tions on the impact of grafting material and site 
(left or right) as the explanatory factors. In gen-
eral, the model is assuming the type of influence, 
and the dependence of the measured bone values 
within a dog. The model depends on the type of 
the endpoint (metric, ordinal or categorical) and 
the influences of the explanatory factors (linear, 
nonlinear or a specified influence, interacting). All 
these ingredients have their influence on the 
selection of the appropriate model. One cannot 
apply simple tests.

Statistical models that are not as simple as two 
group comparisons should be better applied with 
an experienced scientist or discussed with an 
applied statistician.

Example 10.9
For instance, say we want to investigate the BIC, 
a metric variable, for the comparison of three dif-
ferent implant types applied in each dog bilater-
ally. Hence, we typically select an ANOVA (analy-
sis of variance) model. However, because of the 
dependence within a dog, we have to apply a 
more complicated model, in this case a so-called 
mixed or repeated ANOVA model (a generaliza-
tion of the simple ANOVA model), which is taking 

care of the dependence. However, one has to 
include the dependence appropriately. Further-
more, one has to decide whether a parametric or 
a nonparametric model is suitable. This means one 
has to argue whether the endpoint, for instance 
the BIC, a bone value or a score, has a normal 
distribution or not. In the latter case, the so-called 
nonparametric analysis would be based on ranks 
of the data.

Simpler is the ANOVA model analysis if inde-
pendent data are collected, if one considers only 
one implant in each patient or dog. One calls the 
ANOVA model a one-way ANOVA, if one has 
only one impact factor (e.g., only implant type); a 
two-way ANOVA, if one has two impact factors 
(e.g., implant type and side); or a more general 
ANOVA, if one investigates more than two impact 
factors (implant types, age, gender, smoker status, 
diabetes status). In case of two or more impact 
factors in an ANOVA model, one has to also ana-
lyze possible interaction influences between the 
impact factors.

Multiple Testing
If the ANOVA analysis shows a significant result, 
saying that the three implant types have shown 
significantly different BIC means and no signifi-
cant impact of the implant sites, one wants to 
answer which of the three implant types are sig-
nificantly different with respect to the BIC mean. 
Then one applies the appropriate so-called post-
hoc two-sample tests. In our example, three 
two-sample tests are used in total: the first test for 
the comparison of the first with the second 
implant type; the second one for the comparison 
of the first with the third implant type; and the 
third one for the comparisons of the second with 
the third implant type. This testing is called a mul-
tiple testing situation, since one uses the same 
data for multiple, here three, tests. However, we 
have to correct the significance level for these 
three two-sample tests in case of multiple testing. 
There exist several devices for such a correction, 
which depend on the assumed model. Common 
procedures are Tukey’s correction (honest signifi-
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cant tests), Bonferroni’s correction, Newman-Ke-
ulbs, Scheffé, and Dunn devices. These correc-
tions are usually not exact. They are correcting the 
probability of a type-1 error too much. But these 
devices are better than not correcting, and instead 
apply the so-called Fisher (LSD, least significant 
device) tests. The LSD procedure inflates the 
number of the false positive results in the study, 
since it does not correct the type-1 error rate.

To indicate this with some numbers, let us con-
sider the case of k independent tests, which could 
be performed in the statistical analysis of the study 
data. Then the probability that at least one of 
these k tests shows a significant result, assuming 
that all null hypotheses are true, is larger than the 
intended α = 5%; one gets the following false 
positive probabilities P in relation to the number k 

Table 10-1   Probability of at least one false positive decision when performing k independent tests, if all null 
hypotheses are true.

Number k 1 2 3 4 5 10 20

Probability P 5% 9.75% 14.26% 18.55% 22.62% 40.13% 64.15%

of tests (Table 10-1). Because of the multiple test-
ing in any study, one should present the P values 
of the performed statistical tests numerically and 
not logically, as P <0.05 or P <0.01. Only if the 
P value is less than 0.001, then it is adequate to 
write P <0.001.
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