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Summary

Statistical literacy is essential in biomedical
research as an author or reader. Lack of basic
statistical knowledge as well as inappropriate
statistical tool choice hinders understanding of
biomedical research as well as its application.
This research detailed basics of parametric and
non-parametric statistical procedures. The
advantages, disadvantages, indications,
examples and analysis of parametric and non-
parametric procedures are discussed.
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Introduction

Statistical analysis is a universal method with
which to assess the validity of a conclusion. It is
one of the most important aspects of a medical
and biomedical paper. It gives meaning to
otherwise meaningless series of numbers and
permit researchers to draw conclusions from
uncertain facts (Nahm, 2016). Statistical literacy
is a critical skill for biomedical researchers, users
of medical literatures and clinicians (Qualls et
al., 2010). Despite the increased emphasis on
statistical literacy, many biomedical researchers
cannot demonstrate competence with basic
statistical concepts (AAMC, 2018; Qualls et al.,
2010; West, 2007). This statistical illiteracy cum
inappropriate choice of statistical techniques
result in mistakes in statistical analysis and faulty
conclusions, hence, undermining the importance
of the research (Qualls et al., 2010). A study by
Parsons and Colleagues (2012) on 100
representative orthopedic papers showed that in

39% (30 — 49%) of the studies, a different
analysis should have been undertaken and in
17% (10 —26%) a different analysis should have
made difference to the overall conclusions. More
so, statistical analysis in biomedical fields has
been made a lot easier by the advent of user-
friendly statistical analysis packages. However,
the bad side of this is that the risk of choosing
incorrect statistical tool or misinterpretation of
result is increased as these software can permit
one to input data in the software and simply press
“analysis” or “OK” to compute p-value or
confidence interval without understanding the
basic concept of the statistics (Rosembaum,
2010). One of the prevalent statistical errors
found in journals is the application of parametric
statistical techniques to non-parametric data
(Yim et al., 2010). This is presumed to be due to
the fact that biomedical researchers have had
relatively few opportunities to use non-
parametric statistical techniques as compared to
parametric techniques because they have been
trained mostly on parametric statistics
(Rosembaum, 2010). This paper sets off to
improve the understanding of parametric and
non-parametric statistical techniques as well as
review literatures that will aid biomedical
researchers in choosing statistical tools for
biomedical research.

Parametric Statistics

Parametric statistics is a branch of statistics that
assumes that the data have come from a type of
probability distribution and makes inference
about the parameters (Geisser and Johnson,
2006). It assumes the data are on a quantitative
(numerical) scale, with a normal distribution of
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the underlying population; the samples have the

same variance (homogeneity of variances); the

samples are randomly drawn from the
population, and the observations within the
group are independent of each other (Ali and

Bhaskar, 2016). The three most basic

prerequisite for parametric statistic choices are:

e The assumption of normality which
specifies that the means of the samples
group are normally distributed.

e The assumption of equal variance which
specifies that the variances of the samples
and their corresponding population are
equal.

e  Thedatais measured in interval or ratio scale.

Generally speaking, parametric methods make
more assumptions than non-parametric methods.
If those extra assumptions are correct,
parametric methods can produce more accurate
and precise estimates. They are said to have more
statistical power. However, if the assumptions
are incorrect, parametric methods can be very
misleading, for that reason, they are often not
considered robust (Corder and Foreman, 2009).

Advantages of parametric tests

e They have more statistical power (when
their assumptions are not violated), hence
are more likely to detect a significant
difference when it really exists.

e Inference drawn from parametric tests is
easy to interpret and more meaningful.

e Information in the data is fully utilized.

Disadvantages of parametric tests

e They may lead to invalid conclusions when
the assumptions are violated.

e They are prone to greater effect by outliers if
present.

e Its validity is restricted to interval or ratio
scale.

Indications for parametric statistics

It is a common practice that as long as there is no
reason to believe that one or more of the
assumptions of parametric tests have been
violated, when the level of measurement for a set
of data is interval or ratio, the data should be
evaluated with appropriate parametric tests.
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Nonparametric statistics

Non parametric tests are usually referred to as
distribution free or assumption free tests
(Sheskin, 2011). In truth they are not assumption
free, and, in view of this, Marascuilo and
McSweeny (1977) suggests that it might be more
appropriate to employ the term ‘“assumption
freer”. A non-parametric statistic does not
necessitate any condition to be fulfilled about the
parametric of the population from which the
sample was drawn. Non-parametric tests can be
used on nominal or ordinal data (Walsh, 1962).
Non-parametric tests are also applied to interval
or ratio scale which do not follow the normal
distribution. Non-parametric statistical analysis
differs from parametric statistical analysis in that
it only uses + or — sign or the rank of data sizes
instead of the original values of the data per se
(Nahm, 2016).

Advantages of Nonparametric test

e  Non-parametric methods require no or very
limited assumption to be made about the
format of the data and may be preferred
when assumptions required for parametric
methods are not valid.

® There is less possibility to reach incorrect
conclusions because assumptions about the
population are unnecessary.

e They can be useful in dealing with
unexpected outliers that might pose
problems to the parametric method as it
deals with signs and ranks.

® This method can be wuseful for small
samples.

e [t is more intuitive and does not require
much statistical knowledge.

Disadvantages of nonparametric
statistics

e Non-parametric statistics may lack power
when compared with the more traditional
parametric method.

e |t is geared towards hypothesis testing
rather than estimation of effects.

e Information acquired from non-parametric
statistics is limited compared to that from
parametric method and it is more difficult to
interpret.



® The information in the data is not fully
utilized.

e Tied values can be problematic when these
are common and adjustment to the test
statistics may be necessary.

Indications for nonparametric
statistics
e When sample size is small and the

researcher is unsure about the normality of
the data.

e When data is ordinal, nominal or some
outliers that cannot be removed.

® When the assumptions of the alternative
parametric method are violated.

e [f the data is better represented by median
rather than mean, then, non-parametric
method is preferred. For instance, when
dealing on data on income, median better
represent the data than mean as a few
outliers will skew the data significantly.

Parametric versus nonparametric
analysis

Introductory statistics textbooks typically
advice against the use of parametric
methods unless data approximate to
normal distribution (Vickers, 2005;
Altman, 1991). In heeding this caution,
biomedical authors and readers often
assume that inappropriate use of
inferential statistic tests can result in low
p-value or erroneously narrow 95%
confidence interval. This translates
reaching a conclusion that a difference
between groups exist in the source
population when in reality such
difference does not exist. In other words,
it 1s widely and incorrectly assumed that
inappropriate use of inferential statistics
potentiates making a type 1 error (Qualls
et al., 2010). In actual fact, the major
problem with parametric tests is that they
lack power when their assumptions are
violated as occurs when they are applied

to non-parametric data (Goodacre, 2008).
When analyzing non-normally
distributed data with parametric tests, the
analyst 1s more likely to fail to detect any
difference in the source population when
one truly exists; which defines type II
error (Goodacre, 2008). Qualls and
Colleagues (2010) substantiated this
assertion using the 2006 National
Ambulatory Medical Care Survey
(NHAMCS) emergency department
length of stay that was rightward skewed.
They reported that using student t test to
analyze covariates led to the conclusion
that care by a mid-level provider and
patient gender were not associated with
emergency department length of stay;
while the Wilcoxon rank sum test found
these variables to be significantly
associated with emergency department
length of stay. More so, empirical
statistical research has clearly
demonstrated that t- test does not inflate
type I error (false positive) (Vickers,
2005). In one of such studies, Heeren and
Colleagues (1987) using non-normal data
found that where there was truly no
difference between groups, t-test rejected
the null hypothesis close to 5% of the
time. Consequently, the concern over the
relative advantage of parametric and
nonparametric methods have focused on
type II error (Vickers et al., 2005;
Sawilowski, 1993). However, consistent
data has shown that where data are
sampled from a normal distribution, t- test
has very slightly higher power than
Mann-Whitney, the non-parametric
alternative, but when data is sampled
from non-normal distribution, Mann-
Whitney is superior, often by a large
amount (Vickers et al., 2005; Bridge and
Sawilowski, 1999). Parametric methods
and their corresponding non-parametric
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analysis are listed in table 1 for easy
comparison and choice making.

Some common parametric and non-
parametric statistical tests employed in
medical and biomedical research

Inferential statistical tests employed with
single sample

The single-sample z test (Parametric):

It is used in hypothesis testing situation
involving a single sample in order to
determine whether or not a sample with
mean of X is derived from a population with
amean of pu (Sheskin, 2011).

The single sample t- test (Parametric):
The single sample t- test is employed in
hypothesis testing situation involving a
single sample in order to determine whether
or not a sample with a mean of X is derived
from a population with a mean of p
(Sheskin, 2011).

The single sample chi-square test for
population variance (Parametric):

It is employed in hypothesis testing
situations involving a single sample in order
to determine whether or not a sample with
an estimated population variance of §° is
derived from a population with a variance of
o’ (Sheskin, 2011).

The single sample test for

evaluation population skewness
(Parametric):

It is used to measure the degree of
asymmetry of a given distribution around
itsmean (Cisar, 2010).

The single sample tests for evaluating
population kurtosis (Parametric):

Itis used to access the relative peakedness or
flatness of a distribution compared with the
normal distribution (Cisar, 2010).

Wilcoxon signed-rank test
(Nonparametric):

It is employed in hypothesis testing
situations involving a single sample in order
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to determine whether or not a sample is
derives from a population in which the
median (©) is equal to a specific value
(Sheskin, 2011).

The single sample chi-square test
(Nonparametric):

It is employed in hypothesis testing
involving single samples testing if there is a
difference between the observed
frequencies of the k cells and their expected
frequencies (Cochran, 1952).

Inferential statistical tests employed with two
independent samples (and related measures
of association and correlation)

The t-test for two independent samples
(Parametric):

It is used in hypothesis testing involving
comparison of means of two groups that are
independent of each other (Kim, 2015).
The Mann-Whitney U test
(Nonparametric):

The test examines whether the distribution
of ranked responses between the two
samples being compared are significantly
different (Gaddis and Gaddis, 1990).

The Kolmogorov-Smirnov test for two
independent samples (Nonparametric):
The test is used to see whether two
independent samples of data have been
drawn from the same or different population
(Gaddis and Gaddis, 1990).

The chi-square test for r x ¢ tables
(Nonparametric):

It is an extension of the chi-square goodness
of fit test to two dimensional tables. It is
applied to categorical data in the form of r %
¢ tables (contingency table) (Sheskin,
2011).

Fisher exact test (Non-parametric):

It is a hypergeometric distribution-based
testused mainly for 2 x 2 contingency tables
involving small sample sizes when one or
neither of the marginal sums is
predetermined by the researcher (Daniel,
1990).
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Inferential statistical tests employed with two
dependent samples (and related measure of
association/correlation
e The t-test for two dependent samples
(Parametric):
The test is used in hypothesis testing
involving comparison of means of two
groups that are dependent (paired) on each
other (Kim, 2015).

e The Wilcoxon matched-pairs signed-
rank test (Nonparametric):
It is employed in hypothesis testing
situation involving design with two
dependent samples. It is an extension of the
Wilcoxon signed-ranks test (Sheskin,
2011). It is the non-parametric analog of
paired (dependent) t-tests (Gaddis and
Gaddis, 1990).

e The McNemar test (Nonparametric):

It is a non-parametric procedure for
categorical data employed in a hypothesis
testing situation involving a design with
two dependent samples (Sheskin, 2011).

Inferential statistical tests employed with two
or more independent samples (and related)
measures of association.

e The single-factor between subject's

analysis of variance (one-way ANOVA)
(Parametric):
Itis used to evaluate whether or not there is a
difference between at least two means in a
set of data for which two or more means can
be compared (Sheskin, 2011). It is
employed in a hypothesis testing situation
involving independent samples (Anderson,
2001).

e The Kruskal-Wallis one-way analysis of
variance by ranks (Nonparametric):
It is employed with (rank-order) data in
hypothesis testing involving a design with
two or more independent samples. It is an
extension of the Mann-Whitney U test
‘Sheskin, 2011). It is the non-parametric
analog of one-way ANOVA (Gaddis and
Gaddis, 1990).

Inferential statistical tests employed with two

or more dependent samples (and related

measures of association/correlation)

e The single-factor within-subjects
analysis of variance (Parametric):
It is also called single factor repeated
measure ANOVA (Anderson, 2001). It is
employed in hypothesis involving k
dependent samples (Sheskin, 2011). It is an
extension of dependent t- test. It compares
means across one or more variables that are
based on repeated observation.

e Friedman Two-way analysis of variance
by ranks (Nonparametric):
It is a rank test used in hypothesis testing
involving two or more dependent samples
(Gaddis and Gaddis, 1990).

e The Cochran Q test (Non-parametric):
It is a nonparametric procedure for
categorical data employed in a hypothesis
testing situation involving a design with k =
2 or more dependent samples. It is
employed to evaluate an experiment in
which a sample of n subjects is evaluated on

a dichotomous dependent variable
(Sheskin, 2011).

Inferential statistical tests employed with
factorial design (and related measures of
association/correlation)

e The between-subjects, factorial analysis

of variable (X-way ANOVA)
(Parametric):
It is employed to simultaneously evaluate
the effect of two or more independent
variables on a dependent variable (Sheskin,
2011). The commonest type is the two-way
ANOVA.

Inferential statistical tests employed in

measure of homogeneity of variance

e The Levene' test for homogeneity of
variance (Parametric):
It is used in determining within each group
an absolute deviation score from the group
mean for each of the n scores in a group
(Sheskin, 2011). It is used in assessing
assumption of homogeneity of variance
assumed by parametric tests.
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The Brown-Forsythe test for
homogeneity of variance (Parametric):

It involves determining within each group
an absolute deviation score from the group
median for each of the n scores in a group
(Sheskin, 2011). It is used in confirming
assumption of homogeneity of variance.

The Bartlett's test for homogeneity of
variance (Parametric):
It is an inferential procedure used to assess
the equality of variance in different
populations (Box, 1953).

The Siegel-Tukey test for equal
variability (Nonparametric):

It is a non-parametric procedure employed
with ordinal (rank-order) data in hypothesis
testing situations involving two
independent samples (Sheskin, 2011). It is
used in contrasting the variances of two
independent samples. It is a test of
dispersion. When population median is
unknown and one is unwilling to assume,
they are equal, Siegel-Tukey test for equal
variability is not the appropriate non-
parametric test of dispersion to use.

Inferential statistical tests employed in
measure of normality

Shapiro-Wilk test for normality:

It is used in assessing normality of a data. It
is based on the correlation between the data
and the corresponding normal scores (Peat
and Barton, 2005).

Kolmogorov-Smirnov test of
normality/goodness of fit:

Itis used in assessing normality of a data set.
It is an empirical distribution function
(EDF) in which the theoretical cumulative
distribution function of the test distribution
is contrasted with the EDF of the data
(Sheskin, 2011).

Measures of association/correlation

The Pearson product moment
correlation coefficient (Parametric):

It is strength measure of linear association
between variables (Hauke and Tomasz,
2011). It is rather a descriptive statistic than
inferential.
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The spearman's rank-order correlation
coefficient (Nonparametric):

It is a bivariate measure of
association/correlation which is employed
with rank-order data (Sheskin, 2011).

The Kendall's Tau test (Nonparametric):
It is a bivariate measure of correlation/
association that is employed with rank-
order data (Sheskin, 2011).

The Goodman and Kruskal's Gamma
test (Nonparametric):

It is a bivariate measure of correlation/
association that is employed with rank-
order data which are summarized within the
format of an ordered contingency (Sheskin,
2011).

Simple linear regression (Parametric):

It uses scores on one predictor variable to

predict the scores on the criterion variable
(Sheskin, 2011).

Multivariate Analysis

Multiple Regression (Parametric): It is
used to compute correlation coefficient
between criterion variable and k predictor
variables (wherek =2).

Multivariate analysis of variance
(MANOVA) (Parametric):

It can be employed to analyze data for an
experiment which involves one or more
independent variables and multiple
dependent variables. It is a multivariate
analog of the single-factor between
subject's ANOVA (Sheskin, 2011).

Multivariate analysis of covariance
(MANCOVA) (Parametric):

It is a procedure which combines the
multivariate analysis of variance with an
analysis of covariance. It is the multivariate
analog of single-factor between-subjects
analysis of variance (Sheskin, 2011).

Logistic regression analysis
(Nonparametric):

It analyses the relationship between
multiple independent variables and a
categorical dependent variable and estimate
the probability of occurrence of an event by
fitting data to a logistic curve (Park, 2013).
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Meta-Analysis (Parametric):

It is a statistical method used to summarize
numerical data from the individual studies into
one overall estimate. The result of the individual
studies and the overall studies from the meta-
analysis are usually presented in a graph called
forest plot (Callcut, 2009).

A schematic diagram as adapted from Sheskin's
table (Sheskin, 2011). is presented in figures 1-4
as a guide in selection of statistical tools whereas
table 1 shows parametric tests with their non-
parametric analogs.

Conclusion

The appropriate use of parametric and
nonparametric methods has been
discussed. Table 1 and figures 1-4
summarizes key information to guide the
reader in the selection of proper test
technique. Nonparametric statistic
methods are the correct choice when
assumption of normality 1s clearly
violated; however, they are not always the
top choice for cases with small sample
size as they have less statistical power
compared to parametric methods.
Parametric methods may lead to
significant results in some cases while
nonparametric methods may result in

more significant results in other cases.
When parametric methods are selected,
the researcher should ensure the
necessary assumptions are all satisfied. If
otherwise, it is more valid to use
nonparametric methods as they are
“always valid but not always efficient”,
while parametric methods are “always
efficient but not always valid”.
Confirmation for assumption of
normality can be accessed using Shapiro-
Wilk or Kolmogorov-Smirnov tests,
while assumption of homogeneity of
variance can be assessed using Bartlett's,
Levene's or Hartley's Fmax tests.
Conveniently, some of these tests have
been incorporated in most statistical
software's such as SPSS (Statistical
Package for Social Sciences). Figure 1
shows the flow chart for choice of
inferential statistics for single sample
data. Figure 2 shows the flow chart for
choice of inferential statistics for two
sample data. Figure 3 shows the flow
chart for choice of inferential statistics for
two or more sample data. Figure 4 shows
the flow chart for choice of statistical tests
for measure of association/correlation.

Table 1: Analog of parametric and nonparametric tests

Statistical method

Sample characteristics

Parametric tests

Non- parametric tests

One sample One sample t test
Two sample Paired t test
Unpaired t test

k-sample Analysis of variance
2- way analysis of variance
Correlation Pearson’s test

Sign test

Wilcoxon’s signed rank test
Sign test

Wilcoxon’s signed rank test
Mann-Whitney test
Kolmogorov-Smirnov

test

Kruskall-Wallis test
Jonckheer test

Friedman test
Spearman’s rho
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SINGLE
SAMPLE

Interval/ Ordinal/Rank-
Ratio Data Order Data

Categorical/

Nominal Data

ypothesis testing
about distribution
of data in a single
population

Hypothesis testing Ii)];p;o:hesismteshﬁng
: ut population
about population median or distribution
parameter other of data in a single
than mean population

Hypothesis testing
about population
means

Single sample Z test > Single sample chi square P Wilcoxon signed > %?g?‘t‘:;f goodness
Single sample t test (for population variance) rank test s Binomial sigh test
. ., I” Skewness # Kolmogorov-Smirnov for single sample
Single sample Hotelling’s (for normality) goodness of fit (for normality) [ Z test for population
est » Kurtosis > Lilliefors test proportion
. . > Runs test (for serial
(for norrr_lahty) (for normality) sy, =
> D’Agostino-Pearson test B Median > Gap test
(for normality) —» Kaplan-Meier estimate (for re.md?mness) X
b Jarque test > Log likelihood ratio

% Log-linear analysis
Fig 1: Flow chart for choice of inferential statistics for single sample data.

Interval/ Ordinal/Rank-
Ratio Data Order Data

5
Dependent
samples

2
Dependent
samples

)

Independent
samples

s

Independent
samples

Dependent
samples

Hypothesis . Hypothesis . Hopolisd ibont hesis Hypothesis Hypothesis Hypothesis
about difference Hypothesis about difference Hypothesis pufmlununmﬂdlm = about about about about
between _ dbout between _about or some other Narblity o ordering distribution distribution
2 indepond Sinds e 2 depend e of data of data in o dat in
population population population population o A8 ajtknion in2 dependent | | 2 independent 2 depend
means VL means Vanance independent population population population
population
b il]:est fmdiut samples ’P ?ffg’; ttest for i L ttest for §§ama-WhitnCy Siegel-Turkey Wilcoioi -)tcélsati zlguare )::;Nema:
for homogeneity o hon_'mgene;ty of i test for equal matched-pairs | homogeneity
P Z test for2 of variance Sandler’s A test yanance "'Kal'mﬂgom"' vanablhty signed-rank BFisher exact B Gart test
independent samples ) Smimov test test test for order
. [¥ Levene test Single-factor for 2 independent
b Single-factor between- | of homogeneity within-sibjects ich o BZ test for 2 effect
subjects analysis of variance analysis of varianos i Moses test Binomial independent b Bowler test
of variance "Medla.n test for equal sign test proportions dy
“ Brown-Forsythe for independent il b Mantel-Haenzer | ©F internal
b Single-fmor between-  test of homogeneity samples vmabﬂlty for 2 iiependent analysis of symmetry
ibjects analysi f variance samples 4
zlfl'govari:’i::gm : B Log-rank test 3 multiple 2X2 Ly gpurt Maxwell
— by Gerhan’s test [#Log-likely test of marginal
L Hotelling’s T for censored data +::°unﬂ homogeneity
;4 ar
4 Bootstrap analysis

Fig 2: Flow chart for choice of inferential statistics for two sample data.
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TWO OR
MORE SAMPLES

+

Interval/
Ratio Data

!

2 or more
independent
samples

|

|

v
Ordinal/Rank
Order Data

2 or more
dependent
samples

2 or more
independent
samples

+

Categorical/
Normial Data

2 or more
dependent
samples

2 or more
independent
samples

; : Hypothesis about 3 Hypothesi Hypothesis
Hipoleas Hypothesis Fypotesly Hypothesis LS Hypothesis Pt ypohe
about difference about 2 or Eent e ere about 2 or independent WS Jiox distribution of | | distribution of
bet?/een 2o0r more independent between 2 or more dependent population median more S AP o datam D er
more independent population more dependent population @t e o dependent o s
population : population - characteristics of 2 lati .
variance variance or more independent papuiation independent dependent
means means populations median populations populations
i X ¥ Kruskal-Wallis
i E?tﬁfeffﬁﬁ?,}m b Hartley's Single-factor L Single-factor one way analysisof ¥ Friedman P Chi-square % Cochrane
analysis of g(::'uh(t;?ogeneity within-subjects within-subjects variance by rank two-way test of Q test
variance i analysis of analysis of ¥ Jockheere-Terpstra analysis of homogeneity
B Single factor for 2 population variance variance test for ordered variance
betweqn subjects variances . (using sphericity alternatives b il N Log-lik clihood
analysis of Analysis of assumption) y ral :
covaiines ly Levene test ; f P P Van der Waerder ratio
i Variance 1or I-score test
P Multivariate oghonlmgenelty latin square ?;‘;T ?n dependent Page test )
analysis of sl design samples for ordered ' Log linear
variance % Brown-Forsythe N alternatives analysis
Y Multivariate test of homogeneity d
analysis of of variance for independent
5 samples
covariance
Fig 3: Flow chart for choice of inferential statistics for two or more sample data.
MEASURE OF
ASSOCIATION/
CORRELATION
Interval/ Categorical/
Ratio Data Normial Data

Pearson
product-
moment
correlation
coefficient

Intraclass
correlation
coefficient

Multivariate

» Multiple correlation
coefficient

B Semipartial
correlation coefficient

9 Partial coefficient
correlation

% Canonical
correlation

Bivariate/
2 sets of
ranks

B Spearman’s
rank-order
correlation
coefficient

B Kendall’s
tau test

+ Goodman
and Kruskal’s
gamma

More than
2 samples/
sets of
ranks
Kendall’s
coefficient of

concordance

2
dichotomous

non-dichotomous

variables variables
» Contingency ~ [PContingency
coefficient coefficient
by Phi-coefficient [Cramer’s
) Yule’s Q test Phi coefficient
boas st [
b Cohen’s Kappe »Cohen’s Kappa

% Binomial effect
size display

Fig 4: Flow chart for choice of statistical tests for measure of association/correlation.
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