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The use of statistics to derive insights from the data has provided researchers with empirical tools to describe, diagnose, predict,
and prescribe actions, interventions and generate knowledge from varied data sets. Depending on the types of data (structured,
semi-structured, and unstructured), different statistical models and tests can be performed to generate the said insights and new
knowledge. Correctly identifying the data types (whether the data is discrete or continuous) aids researchers in identifying the
applicable statistical tests. The distribution of the data also has an implication for determining the relevant statistical test. When
continuous data are said to be normally distributed, the types of tests that can be used to compare groups differ to when the data
are found to be not normally distributed. The same is true for discrete data, in that there are certain assumptions that need to be
satisfied to identify the correct statistical tests to use in comparing the data groups. In this paper, the discussion will be focused
on nine commonly used statistical tests. These common tests include the t-test, paired t-test, analysis of variance (ANOVA) test,
Wilcoxon rank-sum test (WRST), Wilcoxon signed-rank test (WSRT), nonparametric ANOVA, chi-square (X?) test, Fisher's exact test,
and McNemar's test. The conditions for the use of these tests will be described, and the applications thereof will be discussed.

Therefore, the purpose of this paper is not to describe the mathematical theories behind different statistical tests but to introduce

the tests and their applications.
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Background

While research is described as a systematic inquiry into nature
and society,’ statistics is defined as a combination of multiple
approaches and processes that enable researchers to describe,
summarise, interpret and analyse research data.?* These
approaches and processes are all used to create knowledge and
derive insights from the research data or data sets in general.
Research has always been accepted to be either basic or applied.
Knowledge generated from the former often has no obvious
practical use, while the latter often is the research type of choice
when societal questions require data-driven solutions.’

There are multiple paradigms (such as verification and
falsification) associated with knowledge generation, but in
the current paper, only the falsification schools of thought
will be described. Falsification, generally associated with the
philosopher Karl Popper, is premised on the idea thata hypothesis
can be tested against available data, and from these tests, truths
or knowledge can be created.! On the contrary, verificationists
learn and derive new knowledge through observations of nature
and societies. Only when repeated observations are verified does
the knowledge get accepted as new knowledge. Generation of
knowledge through statistically tested hypotheses and falsified
evidence gives scientific research tools for theories that can be
validated. Therefore, statistical methods provide a conceptual
and computational framework for answering research questions
that can lead to the generation of new knowledge.

The use of statistics in medical and clinical research has grown.*3
With this increase in the use of statistics in clinical research, the
quality and correct use of statistical techniques and tests has
been evaluated.* It has often been found that some researchers in
the clinical setting have used statistical methods incorrectly.* The
reason for the reported incorrect use of statistical methods and
techniques might be related to the complexity of some statistical
methods.® This finding, that researchers may sometimes use
statistical methods incorrectly, suggests that there is a need to
develop basic competence in commonly used statistical tests
and methods. The correct use of statistical tests and methods will
enhance the practice of evidence-based medicine.

VARIABLE

Figure 1: Classification of variables?
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Commonly used statistical tests and their application

Correct use of statistical tests and methods to derive knowledge
or make inferences depends on knowing the type of data
that requires analysis. This starts with knowing the attributes
and characteristics of the data that is to be analysed. These
attributes can be called variables and they represent the studied
subject’s unique features, i.e. the age of patients in a sample
that is being studied.3 Ali and Bhaskar® described the variables
as either quantitative or qualitative. Figure 1 by Ali and Bhaskar
summarises the types of variables that are used in statistics.

Knowing the type of data and its structure allows for correctly
choosing the test to use for hypothesis testing and knowledge
creation when using the falsification paradigm. Hypothesis
testing is the statistical practice of checking for significant
difference between two hypotheses (the null hypothesis and the
alternative thereof).° The tested statistical difference is about a
studied population parameter and its value estimated from a
sample from that population. In principle, the null hypothesis,
denoted H,, is a postulation that suggests that there is no
significant difference between population parameter and the
value estimated from a sample.

Therefore the alternative hypothesis would premise that there
is a statistically significant difference between a tested value
of a population parameter and its estimated value.® There is
always a risk of making an erroneous decision in deciding on
the hypothesis to accept (the null or alternative hypothesis).” If
a study rejects a null hypothesis that is true, that error is called
a Type 1 error, and the risk associated with committing a Type |
error is called alpha (a).

When the opposite error occurs, accepting the null
hypothesis that should otherwise have been rejected,
a Type Il error would have occurred and the risk of a
Type Il error is denoted beta (B).”¢ The reliability of a
null hypothesis, or the strength of its evidence as a
test, is tested against a probability statistic called the
p-value.? The p-value is described as ‘the probability of
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obtaining an effect equal to or more extreme than the
one observed considering the null hypothesis is true.®
In other words, it is the probability that an observed
value would have occurred by chance. Different research
disciplines may use different probability thresholds. In
medical research, this probability is set at a threshold
of 5% (p = 0.05). Therefore, in the case of the p-value in
a hypothesis test, being found to be less than 5%, the
evidence is considered strong to support rejecting the
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null hypothesis. As in all probability, the p-value also
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ranges between 0 and 1. The closer the value is to zero,
the stronger the evidence to reject a null hypothesis.
Figure 2 is a demonstration of the probability density
curve developed in R statistical programming language:
version 4.2.1. and annotated in Microsoft paint.
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Assumptions

Different statistical tests can be used for hypothesis
testing. There are certain statistical assumptions that

must be satisfied for the said tests to be used. Foremost in the
assumptions required is the nature of the probability distribution
of the data on which the hypothesis is assessed. Most tests
require that data be normally distributed. Normally distributed
variables in the data are symmetrical around the mean and show
no kurtosis or skewness.? Figure 3 shows the different probability
distributions, and depending on the data distributions, either
metric or nonmetric data, parametric or nonparametric tests
will be used. The critical assumption of normality may not be
critically important if the sample is large. Figure 3 was developed
in R statistical programming language: version 4.2.1.

Both descriptive statistics and inferential statistics require that
the data distribution be known so that the correct test or measure
(measures of dispersion and measures of central tendency) may
be used. On describing normally distributed continuous data,
the correct measure of central tendency would be the mean, but
if the data follow a distribution that is not normal, the median
might be a more correct measure. This alternative measure
can be applicable when the data is positively skewed. Another
assumption that may influence the type of tests used is the
sampling. Randomisation in sampling would lead to a preference
of some tests over others.? The assumption is that the data have
been acquired/collected through a random sample. Another
assumption that is important when using statistical tests is the
presence of outliers in the data. Outliers in data sets can imply
that the assumption of normality is not met. Homogeneity of
variances is another assumption that is particularly important for
multiple samples or groups where the samples are assumed to
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Figure 2: Probability density curve demonstrating the p-value

1)

Uniform . Normal
n ©
] o
=
[=] P
s o v b
k. 2 - R
[ i
T T T T T T i 2 T T T T T T T
1 2 3 4 5 6 5 0 1 2 3 4 5 [
x x
Exponential . Gamma
B @
- =]
o~
-
M -5
. o -
e 2o e
“-—-__Lh__ w o “\_H
i S Z o5 i T
1 I I 1 I | £ o | 1 1 I I [
1 ? 3 4 i [ =, ] 1 ? 3 4 i [
o
X X

Figure 3: Different types of probability distributions
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> 2 groups H Chi-square test }

Discrete data
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Figure 4: Common statistical tests

be derived from populations that have equal variance.® Although
there are other assumptions that can be discussed,

Descriptive statistics

Descriptive statistics can be frequencies, graphs of proportions,
and other measures describing the data set. The most used
descriptive statistics are the measures of central tendency,
measures of position, measures of frequency, and the measures
of dispersion or variation.'” Measures of central tendency include
mean, median and mode. The aim and use of measures of central
tendency such as the mean, is to describe the data by ways of
the central position in the data.’” The mean, also known as an
average, can either be arithmetic, geometric or harmonic.

The median is the centre-most value when the data points
in data sets are arranged in ascending order or ordered from
smallest to largest value in the data set. The mode is the most
frequently occurring value in the data set.’® Although the
measures of central tendency are adequate to describe the data
set by way of the centre position, they are said to be limited in
terms of describing the variation or variance in the data set. It is
for this reason that the measures of dispersion, such as standard
deviation and variance are used to describe variations in the
data set. These measures only apply to ordinal, interval, and ratio
data that can be ranked.'® Descriptive statistics are generally
the first step in analysing the data. They allow the research to
readily explore the data and make informed decisions about
the inferential tests and techniques that can be applicable for
their type of data. It is on this background that this review will
present some common statistical tests, and their applications. In

this paper, general statistical assumptions were discussed, and
under the discussion of common statistical tests, the test-specific
assumptions are described.

Common statistical tests

Depending on the type of data being analysed, i.e. whether
continuous or discrete, and the properties of that data, such as
the distribution, the researcher can decide on the correct type
of test to perform. Put differently, one always needs to establish
if the data is metric or nonmetric. Metric data is scaled data
often represented as interval or discrete data and continuous
data.”” Nonmetric data lacks a meter through which the distance
between scales can be quantified. They include nominal, ordinal
and binary data."

If continuous data is normally distributed, and the intended
comparative analysis is between two groups, such as testing for
difference in the means of two groups, which are paired, then
the correct test would be the paired t-test. If the two groups
are not paired, then the test is a normal nonpaired t-test. If the
comparison is between more than two groups, the differences in
the means of the groups can be established using an analysis of
variance (ANOVA) test. The null hypothesis in these tests would
be that the means are equal (for t-test and ANOVA) or that the
mean differences are equal (for the paired t-test).'?

If the continuous data are skewed, and comparing paired two
groups, the relevant test would be the Wilcoxon signed-rank
test (WSRT). If the two groups are not paired, then the test
recommended is the Wilcoxon rank-sum test (WRST). If the
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skewed continuous data analysed is derived from more than two
groups, then the correct test would be a nonparametric ANOVA."?

However, when analysing discrete data, and testing equality
of proportions between two nonpaired groups, the first
consideration to make would be to establish if the expected
counts in the groups are at least greater than or equal to five in
more than 75% of the cells. If this assumption is true, a chi-square
(X?) test would be adequate to test if the proportions are equal.
However, if the expected counts are found to be greater than
five in less than 75% of the cells, then Fisher’s exact test would
be more appropriate. On the other hand, if the two groups are
paired, McNemar’s test would be correct.'?

When analysed proportions are of more than two groups in the
discrete data, a chi-square test would also be applicable.

T-test

There are three variations of the t-test, which include the one
sample t-test, independent samples t-test, and paired samples
t-test.’ The first is used to test if the sample mean is statistically
different from the population (population from which the
sample was derived) mean. The unpaired, called independent
t-test, evaluates the means difference between two unpaired
samples or groups.’ An example of the use of unpaired t-tests
can be when the researcher wishes to establish if the mean blood
pressure of males differed significantly from that of females after
administering a certain pharmaceutical agent known to affect
blood pressure. In paired t-test, as the name suggests, the means
compared are of the same subject and recorded at different time
points (t,and t,).

Analysis of variance test

As with the t-test, there are variations (such as one-way ANOVA
and one-way repeated measures ANOVA) of the ANOVA, and
the ANOVA in general is useful when the means compared are
of more than two groups. The test statistic and p-value then
indicates the significant difference of at least one group to the
rest. Therefore, that significant p-value, would be associated with
a specific group indicating between group difference.’?

Wilcoxon rank-sum test

The WRST is the applicable test when the assumption of
normality has not been fulfilled and the t-test is not applicable
for evaluating the equality of means for nonpaired two groups.
Therefore, in the nonparametric test, the test is for equality of
medians. Through a series of computational steps, the WRST
uses a test statistic called W to falsify the null hypothesis that
states that the proportions are equal, or the population is the
same. If W is much smaller than the first median (y,), then the
null hypothesis is not supported, and it can be concluded that
the medians in this case are not equal and the populations are
different.’

Wilcoxon signed-rank test

The WSRT is the alternative to the paired t-test, which is
applicable when the distribution of the data is not normal. As an
alternative, the WSRT is a test for location and seeks to evaluate
that a distribution is symmetric about the hypothesised value.’
However, the WSRT assumes that there is symmetry between the
distribution of the differences between the two studied samples’
parameter such as the median."” Through a series of steps, the
WSRT converts the nonparametric problem to a parametric
problem that could be computationally tested in a similar
mechanical approach as with the t-test.'s

Chi-square test

The X?is an association test and seeks to establish the relationship
between two categorical variables. It can also be used as a
goodness of fit test.'® Using a published equation, the chi statistic
is compared to a critical value, taking into consideration the
degrees of freedom.'® A p-value less than 0.05 or a set probability
threshold, provides evidence to rejecting the null hypothesis and
concludes that there is association between studied variables.'®

Recommendations and conclusions

It is established in this paper that empirically using data and
falsification approaches to derive insight can lead to knowledge
creation.The knowledge created in this approach can be assessed
independently and consequently validated. It is therefore crucial
in research and knowledge creation to be conversant with the
various statistical tests that can be used to test hypotheses and
create new knowledge.

Insufficient knowledge of common statistical tests and their
associated assumptions may lead to erroneous or incorrect
use of the various tests. It is therefore recommended that a
basic knowledge of data types, descriptive statistical tests, and
common hypothesis testing tests be acquired for the effective
use of research, particularly in clinical research.

In conclusion, hypothesis testing is a powerful statistical tool to
explore data and create knowledge. Using correct statistical tests
to test hypotheses provides evidence to use in support of tested
theoretical positions and knowledge systems. This support for
tested theories can provide useful knowledge for better clinical
practices and approaches.
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