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Abstract

This paper studied the applications of genetic distances on Blood-group gene frequencies and their Statistical
genetic similarities characterizing four populations, for data from Eakimo, Bantu, English and Korea. The
study compared the following distances: Euclidean, squared Euclidean, Minkowski, Chebychev and City
Block on the above mentioned data for the outlined countries. Correlation analysis was applied to evaluate
the relationships between these countries on their blood group gene frequencies. Similarity check was also
conducted to know the countries that have similar blood-group gene frequency. It was observed that
Euclidean distance and Minkowski distance had equal distances. This means that the two distances are more
similar in this particular data set than the other studied distances. The study revealed that Chebychev distance
had the smallest neighbor distance as compared to other distances studied while City Block had the highest
distance. It has been stated in literature that Chebychev and Minkowski distances are concentric circle shape,
this suggests the reason behind their equality of distance. It is therefore proposed that the data may be a
concentric circle data.
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1 Introduction

A measure of the genetic differences between species or populations within a specie is called Genetic Distance.
This occures whether the distance measures time from common ancestor or degree of differentiation. Though,
Populations with many similar alleles have small genetic distances see [1,2].

Genetic distance could also be known as the term used to describe the number of divergence or mutations
between two cells of Y- chromosome DNA (Deoxyribonucleic acid) or mitochondrial DNA test results. A
genetic distance of Zero means that there are no differences in the results being compared against one another,
that is, there is an exact match. Goodman & Lasker [3] defined Genetic distance between two populations or
two individuals as the proportion of nonmatching nucleotide bases at homologous sites between the genomes of
the two populations or individuals. This is the meaning when comparing Y- chromosome DNA or mitochondrial
DNA. For autosomal DNA comparisons. Genetic distance relates to the size of a shared DNA segment.

Some researchers have so far studied various distances, especially in Genetics and other genetic related studies,
such as [4,5,6], but Onu, et al. [7] studied the statistical bias in genetic model analysis with varying model
parameters, where the relationships between heredity as response and the age and sex as predictors were
considered. Avise & Aquadro [8] summarized the multilocus allozyme literature on mean genetic distances
(D’s) between congeneric species and confamilial genera across the major vertebrate classes. Some salient
trends emerged. Notably, mean D values among avian congeners were typically lower than those for other
vertebrate groups. Congeneric species of amphibians and reptiles often tended towards the high end of the mean
genetic distance scale, whereas congeneric fishes and mammals generally were intermediate in magnitude of
interspecific D’s. Similar trends toward smaller genetic distances for birds than for other vertebrate groups also
pertained just as seen in Glenn & John, [9]. Gentleman et al. [10] studied Distance Measures in DNA
Microarray Data Analysis, using Minkowski based distance which include (Euclidean and City Block known as
Manhattan distances) comparing them with correlation based distances like 1-pearsons distance, 1-spearman
distance, etc. Other researchers which includes Jessica et al. [11], Steven [12] and Glenn and John [9] studied
several genetic distances in different species, but none of the quoted literatures were able to compare the blood-
group, gene frequencies characterizing four populations of four different countries (Eakimo, Bantu, English and
Korea) using Minkowski, Euclidean, City Block and Chebychev distances in order to know the similarities of
these countries in terms of their blood-group, gene frequencies and also, to know the shape of the genetic data
under study. Various kinds of distance are significant in anthropological studies. We define genetic distance
between two individuals (or between two populations) as the proportion of honmatching nucleotide bases at
homologous nucleotide sites between the genomes of two individuals (or of two populations). The sequence
homology between DNA from two sources as stated by Hoyer [13], can be determined by complementary base
pairing. The correspondence of protein antigenic sites in different organisms can be evaluated by
immunodiffusion comparisons in modified Ouchterlony plates. This method works well in depicting genetic
relatedness at the intermediate (generic through subordinal) taxonomic levels. Goodman & Lasker [3] stated
that allelic frequency data, gathered by typing the polymorphic forms of enzymes and other proteins, usually by
electrophoretic techniques, can measure in a rough way the genetic distances among individuals or populations
at the lower (infrageneric) levels of species and within species.

In the comparison of distances, Rizwan et al. [4] observed that minkowski coefficient best approximates road
distance by 1.54, while 1.31 best approximates travel time. It was also found to be a good predictor of road
distance which then provides the best single model for traveling patients from patient’s residence to the hospital.
While the Euclidean metric and minkowski metric are alternatively used for regression model. The study stated
that minkowski method gave more reliable results than the Euclidean distance. Euclidean distance under
estimates road distance and city block also known as Manhattan distance over estimates road distance. It is the
minkowski distance that overcomes these disagreements.

According to Raneem et al. [5], minkowski distance is a generalizer of other distances, such as the manhattan
(city block) and Euclidean distances. The result stated that data sets with low dimensions, gives the best average
results for different distance, (Euclidean, manhattan or city block/ Euclidean, chebyshev and chebychev
respectively). Manhattan distance measure was recommended for high dimensional data as it shows the highest
average values of purity for the remaining high dimensional data set. Chebyshev was found to be the worst
clustering results. Also see [14]. Experiments on Genome generate large and composite multivariate data sets.
Machine learning approaches are important tools in microarray data analysis, for the purposes of identifying
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patterns in expression among genes and/or biological samples, and for predicting clinical or other outcomes
using gene expression data. The ideal distance or similarity between the objects or things to be clustered or
classified is inherent in Machine learning approach. Generally, any distance measure can be used with any
machine learning algorithm.

This ideal of distance is unambiguous in clustering procedures that operate directly on a matrix of pairwise
distances between the objects to be clustered, for instance., partitioning around medoid (PAM) and hierarchical
clustering [15]. Certain supervised learning methods, such as nearest neighbor classifiers, also involve explicitly
specifying a distance. Although the choice of distance may not be as transparent for other supervised
approaches, observations are in fact assigned to classes on the basis of their distances from objects known to be
in the classes. For instance, linear discriminant analysis is based on the Mahalanobis distance [16].

Many genetic distances have been developed, of which a few remain in regular use [17] for a review of several
genetic distances). Each of these genetic distances has unique evolutionary and statistical properties, and
evolutionary relationships inferred from each genetic distance can be quite different [12, 18].

Glenn & John, [9] stated that surveyed avian taxa on average, show had visibly less genetic divergence than do
same-rank taxa surveyed in other vertebrate groups. Notable among these are the amphibians and reptiles.
Steven, [12], said that large sample sizes are withnessed when populations are genetically similar in a relative
fashion; and loci with more alleles produce better estimates of genetic distance. Jessica et al. [11] described that
there was no significant correlation between pairwise genetic relatedness and multivariate trait distance among
individuals. Ruzzante, [19] stated that The effect of number of alleles on sampling variance varied with the
genetic measures considered. Onu et al. [7] proposed Grand Mean Absolute Deviation as a measure of the
statistical bias that exists in the relationship between parents and the offspring in genetic studies.

At this point, the study will look at the various distances to be employed in this paper and their similarities and
differences which include:

1.1 City block distance or Manhattan distance

The City block distance also known as the manhatan distance studies the distance between two points, a and b,
with k dimensions.

1.1.1 Chebyshev distance

This distance is also called maximum value distance. It studies the absolute magnitude of the differences
between coordinates of a pair of points.

1.1.2 Euclidean distance
The Euclidean distance is the square root of a squared difference between a pair of points.
1.1.3 Minkowski distance

Minkowski distance is a generalized metric distance, its value is dependent on the shape of the object under
study, which is determined by the value of A.

2 Materials and Methods

2.1 City block distance

In this study, the following distances are to be employed and compared appropriately.

The City block distance between two points, a and b, with k dimensions is given as:
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The City block distance is always greater than or equal to zero. The measurement would be zero for identical
points and high for points that show little similarity.

2.2 Chebyshev distance

This distance is also called maximum value distance. It studies the absolute magnitude of the differences
between coordinates of a pair of points. This distance measure can be used for both quantitative and ordinal
data. It is given as

dij = max|aik — b]k|
2.3 Euclidean distance

The Euclidean distance is the square root of a squared difference between a pair of points. It is given as

2

dij = (aik - b] ) (2)
2.4 Minkowski distance

Minkowski distance is a generalized metric distance, its value is dependent on the shape of the object under
study, which is determined by the value of A. For instance, if A=1 it is concentric diamond and it becomes equal
to the City Block distance, if 1=2 it is concentric circle and it becomes Euclidean distance if A> 3 or = oo, it is
concentric square and it becomes Chebychev Distance. It is given as

Iy n N
dij = | Skey|ag — byl (3)

We apply this data on these four distances and see how they behave and to know the shape of the data by
knowing the particular distance that will be equal with the standard Minkowski distance. Here we cast our mind
on the value of 1 to the shape of the data.

3 Results

The results of the analysis of this data with these distances were done using SPSS 23 and the results are as
shown below:

3.1 Minkowski distance analysis

Table 1.

Proximity matrix

Minkowski (2) Distance

Eakimo Bantu English Korea
Eakimo .000 1.295 1.044 .610
Bantu 1.295 .000 1.075 1.558
English 1.044 1.075 .000 1.116
Korea .610 1.558 1.116 .000

This is a dissimilarity matrix
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Table 2.

Proximity Matrix

Euclidean Distance

Eakimo

Bantu

English Korea
Eakimo .000 1.295 1.044 .610
Bantu 1.295 .000 1.075 1.558
English 1.044 1.075 .000 1.116
Korea .610 1.558 1.116 .000
This is a dissimilarity matrix
3.3 Squared Euclidean distance analysis
Table 3.
Proximity Matrix
Squared Euclidean Distance
Eakimo Bantu English Korea
Eakimo .000 1.677 1.089 372
Bantu 1.677 .000 1.155 2.426
English 1.089 1.155 .000 1.245
Korea 372 2.426 1.245 .000
This is a dissimilarity matrix
3.4 Chebychev distance analysis
Table 4.
Proximity Matrix
Chebychev Distance
Eakimo Bantu English Korea
Eakimo .000 .690 .607 292
Bantu .690 .000 .620 935
English .607 .620 .000 574
Korea .292 .935 574 .000
This is a dissimilarity matrix
3.5 City block distance analysis
Table 5.
Proximity Matrix
City Block Distance
Eakimo Bantu English Korea
Eakimo .000 3.791 3.188 1.973
Bantu 3.791 .000 3.027 4.005
English 3.188 3.027 .000 3.288
Korea 1.973 4.005 3.288 .000

This is a dissimilarity matrix
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4 Discussion

The study of various distances for blood-group gene frequencies characterizing four populations, reveals that
Chebychev distance has the lowest distance between a pair of countries, followed by the Minkowski distance
which is accurately equal to the Euclidean distance and then the City Block distance. The result of the high
similarity between Minkowski and Euclidean distances affirms the statement of Raneem [5], which states that
Minkowski distance as a generalizer of other distances and it also affirms that minkowski coefficient best
approximates road distance as stated by Rizwan et al. [4]. Bantu and Korea has the highest neighbor distance
followed by Bantu and Eakimo, while the smallest distance is between Korea and Eakimo. Chebychev distance
proved to be the best distance for this study since it had the smallest neighbor distance as compared to other
distances studied. This is because, the smaller the distance between a pair of points, the similar they are.
Whereas Euclidean distance shows that the data so far studied has a shape of concentric circle, this was revealed
because of the equality of Minkowski distance and the Euclidean distance. For the Minkowski and Euclidean
distances, it was found that the correlation between Eakimo and Korea has the smallest distance while Korea
and Bantu has the highest distance. For Squared Euclidean distance, it was observed that Eakimo and Korea has
the highest distance, while English and Eakimo has the smallest distance. For the Chebychev distance, Eakimo
and Korea has the smallest distance, while Bantu and Korea has the highest distance. Finally, for the City block
distance, Bantu and Korea has the highest distance while Eakimo and Korea has the lowest distance.

5 Conclusion

This study concludes that the data used in this analysis is concentric circle, underscoring why the Minkowski
and Euclidean distances of such data were equal. Also, that correlation study of these countries for each of these
distances showed that Chebychev distance has the smallest distance among all the distances study followed by
the duo of Euclidean and Minkwoski distances.

6 Recommendations

This study recommends to statisticians and other related disciplines for the study of the effect of blood-group
gene frequencies on different countries that;

1. Minkowski and Euclidean distances are best distance formulas to be used when the data is suspected to
be a concentric circle.

2. The blood-group gene frequencies for one country varies with another country.

3. The countries Eakimo and Korea has the smallest distance or are more similar than others for Minkowski
and Euclidean distances, for squared Euclidean distance, the English and Eakimo has the smallest
distance, for Chebychev distance the Eakimo and Korea has the smallest, while for City block distance
the Eakimo and Korea has the smallest distance for the blood-group gene frequencies.
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