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ABSTRACT

The paper proposed an alternative measure for classification of biological 
organisms in taxonomy. The alternative measure is based on a normalized 
Euclidian distance index that is derived from a few orthogonal principal 
components of the input trait matrix. Using an exploratory, descriptive method 
of research, data from two (2) species of the biting fly were analyzed. Result 
revealed that the alternative measure successfully distinguished between the two 
(2) species of biting fly L. torrens and L. carteri using only the wing dimensions 
of the flies. The other information such as palp length, palp width, and length of 
antennal segment were not useful in discriminating between two (2) fly species. 
The implication is that for taxonomic purposes, only a few traits are sufficient to 
distinguish between organisms coming from the same genera.
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INTRODUCTION

In taxonomy, morphological traits of biological organisms are often used as 
initial bases for classifying organisms into their “closest” species (Brown 2000). 
Let Xj be a p-variate vector of morphological traits (e.g., body mass, length of tail, 
etc.) for j=1,2,…,n individuals. The vectors {Xj} are used as inputs to a cluster 
analysis algorithm with k = m suspected cluster (species). The species to which 
the individual with traits Xj belong is identified based on the dendrogram of the 
cluster analysis output (Johnson and Wichern 2007).

The vector Xj need not contain only morphological characteristics of the 
organisms but may also include physiological traits (metabolic rates) and ecological 
traits (speed) (Cheverud 1982). Static allometry finds relationships that may exist 
among the p –traits contained in the vector Xj at the same developmental stage 
for the same species or the same population (genera). In Lapinig et al. (2016), 
it is demonstrated that if an allometric relationship exists among the p traits, 
then the first principal component of the covariance structure of Xj accounts for 
more than 90% of the total variance. This being the case, the authors suggested 
using with the first principal component as the single numerical index {Ij} as the 
discriminant feature for purposes of classification.

The use of a single numerical index {Ij} for classification purposes has the 
obvious advantage of being simpler to use and interpret. In fact, Lapinig et al. 
(2016), derived the simple linear discriminant rule:

The lynchpin for the successful use of (1) is the fact that the p – traits are 
linearly related through the static allometric equation. The researchers pose a 
more general problem: Suppose that subsets of the p traits are allometrically 
related but no linear relationship exists among all the p traits, how may a single 
numerical index be formulated? The obvious consequence of this situation is that 
the first principal component alone cannot sufficiently explain the total system 
variance. This means that the first m < p principal component will have to be 
used in the construction of the allometric index.

OBJECTIVES OF THE STUDY

This study aimed to propose an alternative measure for classification of 
biological organisms in taxonomy.
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MATERIALS AND METHODS

Let X be a p – variate random vector of traits with mean μ and covariance 
matrix Σ. Principal Components Analysis (PCA) seeks to find linear combinations 
Y=aTX with maximum variance. More specifically,

It is known that the solution a corresponds to the eigenvectors e of Σ. Since Σ 
is positive – definite, there is an orthogonal matrix P such that:

where D=diag(λi) is a diagonal matrix of the eigenvalues of Σ and P=[e₁:e₂:…
:ep]is the matrix whose columns are the corresponding eigenvectors. The 
eigenvectors {ej} are orthogonal:

Since PT P=PPT=I. The ith principal component is given by:

and:

The proportion of the total variance explained by the ith principal component 
is provided by:

In Lapinig et al. (2016), an allometric relationship exists among all the p 
component of X, hence:

In the event that only subsets of the p traits are allometrically related, then the 
first m – principal component, m < p, will be needed:
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Note, however, that the principal component themselves are orthogonal:

The orthogonality of the first m principal components suggest the following 
one – dimensional index:

Or:

To account for the variability across principal component, the researchers 
modify (12) into:

Suppose next that there are two (2) populations π_1 and π_2 for which the 
indices (13) are computed:

Then the researchers have the following allocation rule:

RESULTS AND DISCUSSION

Two species of biting flies (genus Leptoconops) are very similar morphologically 
so that for many years they were actually thought to be the same. Later, biological 
differences such as sex differences of emerging flies and biting habits were found 
to exist. Data on some morphological characteristics of two species of the biting 
flies: L. carteri and L. torrens were obtained by W. Atchely from the website (www.
prenhall.com/statistics) and are reproduced here for convenience:
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Table 1: Bitting - Fly Data
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A principal components analysis was performed on the correlation matrix to 
extract the significant orthogonal linear combinations. Figure 1 shows the Scree 
Plot which suggests the extraction of four or five principal components:

Figure 1: Scree-Plot

Table 2: Principal Components Analysis of the Biting Fly Data

Tabular values reveal that the first four principal components accounted 
for 87.6% of the total variance whereas the first five principal components 
reproduced 93.9% of the total variance. The researchers chose the first five 
principal components as basis for computing the allometric index. The indices 
for the individual specimen flies are provided in Table 3:
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Table 3: Computed Allometric Index for the Individual Flies

A two-sample t-test was performed to determine if the indices differed 
significantly between the two groups. Table 4 shows the results of the t-test:

Since the computed t-value failed to reach the value for significance at the 
.05 level, hence, it is concluded that the indices are statistically the same for the 
two species of flies. Hence, the allometric index computed would not be effective 
in discriminating members of the two fly species. A discriminant analysis was 
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likewise performed to confirm this statement. Table 5 summarizes the result of 
the discriminant analysis.

Discriminant analysis confirmed what was initially suspected. The probability 
of correct classification registered a 57.5% efficiency rate which implies a 
probability of misclassification of about 42.3%.

Closer inspection of the t-test results revealed that the small t-value computed 
is due to the disproportionately large variance in the indices computed for the 
second species (L. torrens). Likewise, this large variance accounted for the very 
low correct classification rate for flies belonging to this species (probability of 
correctly classifying a fly in = 15%).

Having obtained this unsatisfactory result, the researchers proceeded to re-
analyze the data set using the original covariance matrix as an input. The Scree 
Plot obtained for the principal components analysis with the covariance matrix 
as an input is shown below:

Figure 2: Scree Plot Using the Covariance Matrix as Input on the Biting Fly Data
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The Scree-Plot suggests taking only the first or at most the first two principal 
components. The full principal components decomposition is shown in Table 6.

Since 99.5% of the total variance is already assumed for the first two principal 
components, the researchers choose to ignore the other principal components. 
Furthermore, the first principal component is mainly dominated by wing width 
while the second principal component is dominated by wing length. Thus, the 
researchers obtained an index that essentially considers the wing dimensions of 
the flies. Furthermore, the researchers transformed the wing dimensions by a 
logarithmic transformation prior to computing the indices. The new computed 
allometric indices are shown in Table 7.
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Table 7: New Allometric Indices Using the Covariance Matrix

Using the allometric index as a discriminatory feature for the two species of 
the flies, the researchers performed a discriminant analysis as shown in Table 8:
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Tabular values show that the proportion of correctly classified species of flies 
have increased to an acceptable 70% level ( probability of misclassification of 
about 30%).

Conclusion

A single numerical allometric index can be computed based on the Euclidean 
distance of the first m-principal components, m < p from the origin. The 
discriminatory power of this index to assign an organism into one of two possible 
species depends on the input matrix. The” best” input matrix (covariance or 
correlation matrix) is the input matrix that outputs fewer principal components 
accounting for more than 90% of the total variance. The method is comparable 
to the method suggested in the paper of Lapinig et al. (2016) when only the first 
principal component is used.
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