@ASTES

Advances in Science, Technology and Engineering Systems Journal Vol. 5, No. 2, 95-103 (2020)

www.astesj.com

ASTESJ
ISSN: 2415-6698

Review on Outliers Identification Methods for Univariate Circular Biological Data

Siti Zanariah Satari*, Ku Muhammad Naim Ku Khalif

Centre for Mathematical Sciences, Universiti Malaysia Pahang, 26300 Gambang, Kuantan, Pahang, Malaysia

ARTICLE INFO ABSTRACT

Article history:

Received: 01 January, 2020
Accepted: 22 February, 2020
Online: 09 March, 2020

Circular data are common in biological studies which are involved angle and direction
measurements. An outlier in circular biological data mostly related to the abnormality of
the data set. The existence of outliers may affect the final outcome of a data analysis. Thus,
an outliers’ identification method is essential in circular biological data to determine the
stage of abnormality for the sample that has been studied. Past studies were mostly focusing
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1. Introduction

Biology involves the studies on living organism evolution,
growth, function, dissemination or advancement. Biological
research currently covers a variety of fields of experimental
biology; including biochemistry, bioinformatics, biotechnology,
biomedicine,  genetics, genomics, molecular  biology,
neuroscience and system biology. Biological data that related to
angle and direction measurement is classified as circular
biological data. This paper investigates the wide use of biomedical
and ecological circular data from biological branches. For
example, biomedical data involving circular values are bone
structure measurement [1] and heart rhythm analysis [2]. While
ecological circular data involve animal mobility such as bison
trails shaped [3] and movement of intertidal gastropods [4]. Due
to circular characteristic, circular biological data requires special
care and a suitable circular distribution model is needed. Specific
outliers’ detection method also need to be used to get accurate and
precise results during analysis. An extreme outlier may affect the
result especially on modeling and forecasting purposes [5]. An
outlier in circular biological data mostly related to the abnormality
of the data set which may affect the final finding of the analysis
and lead to erroneous in decision making. For example, in
biopharmaceuticals especially for vaccines research, drug
productions will effected by outliers that can cause of the false
acceptance or rejection of a bad or good drug [6].

While in phylogenomic studies, errors during orthology
detection, may cause a systematic error which can effect
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regulation of biological process that need to be taken [7].
Therefore, outliers can cause misdirecting factual outcomes and
estimation of parameters which are may not bring precise
forecasts. There is a great deal of difficulties in outliers detection
with the expanding complexity, size and assortment of biological
datasets. Thus, a lot of study has been done to identify outliers in
biological data, but most of them for circular regression model.
For example on eye dataset of glaucoma patient [8,9], on circadian
data taken from systolic blood pressure reading [10] and on
angular of protein chain shapes [11]. Hence, there is a need to
explore more outliers’ detection technique for univariate circular
biological data. Identifying outlier for univariate data is more
essential in the abnormality stage investigation [6,7]. Also,
previous study shows that, most data are from environmental
study such as wind direction [12] and direction of sandstone [13].
Therefore, the aim of this paper is to review outliers’
identification methods for univariate biological circular data. The
strength and weaknesses of the methods are reviewed and
discussed to highlight the similarity and differences of each
method. Besides that, the trend of univariate circular biological
data types that has been used and its distribution models also been
investigated.

2. Circular Biological Data

In biological study, there are two types of directional data
represented either in two or three dimensions. It is called circular
data for the two dimensions. Circular data can be represented as
measurements in the clockwise or anti-clockwise direction, and
can be measured in degrees (0° 360°), or radians (0, 2m).
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Meanwhile, it's defined as spherical data for the three dimensions
where the data is measured as points on a unit sphere's surface by
two angles, such as the points measured by longitude and latitude
on the surface of the earth [14]. There are a lot of biological
circular data. There are few examples in ecology studies such as
the vanishing angle of the pigeon after release [14], the homing
ability of the frog [15,16], and the direction of the sea star after
removal from the natural habitat [15].

In addition, there are also many angles involved in molecular
research. For example, protein structure shape that determines by
dihedral angle sequence [17], protein structure pairing angles
[18,19], protein angle formation [11], and protein structure
prediction [18]. Biomedical also includes some circular data such
as heart rhythm analyst [2], corneal shape anomaly after cataract
surgery [19], psoriasis observation of psoriatic plaque
segmentation in skin images [20], and angular measurement of
craniofacial disease (angel of jaw) [21]. Circular statistics and
vector strength were used in the analysis of heart rhythm by
measuring angular histogram in the R-wave vector to analyze
ECG-waves. Circular linear analysis was used in Psoriasis by
applying circular copula model means.

3. Univariate Circular Model for Biological Data

There are few types of univariate circular distribution such as
Uniform distribution, Cardioid distribution, a triangular
distribution, Circular Normal (CN) distribution, off set normal
distribution, Wrapped Normal (WN) distribution, Wrapped
Cauchy (WC) distribution, general Wrapped Stable (WS)
distribution, variations of CN distribution, a Circular Beta Model
and Asymmetric Circular distributions. The most commonly used
circular distribution for circular biological data is Circular Normal
(CN) distribution or called as von Mises distribution which can be
found in many literatures [22,23,24]. The probability density
function of the Von Mises distribution is given by

fvm(6; u. x) =

1
271 (%) exp{xcos(6— u)} )

0<0<27,k20,0< u<2r,
where

1, (<) =% [ expiccos(9)}a0. @

The mean direction is stated as |1 parameter. The concentration
parameter x, influences the concentrated distribution around the
mean direction. The larger values of x will show the result of the
distribution which is more closely grouped around the mean
direction. The von Mises distribution is continuous on the circle
and is the circular analogue of a linear normal distribution. For
example, in biological studies, [25] used frog data following a von
Mises distribution and identifying outliers in the data. Meanwhile,
[26] suggested that circular data could be tested by considering
the probability ratio test for slippage location in a von Mises
distribution or the probability ratio test for slippage concentration
in a Fisher distribution by [27].

Also, [28] used von Mises distribution to propose a new
definition of truncated probability distribution for univariate and
bivariate circular data which is applied to protein chains for
angular values. Besides, [15] used von Mises distribution for
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adjusting and detecting outliers of the sea star directions using
robust circular distance. In other hand, some researcher used other
probability distribution such as by mixing a wrapped stable
distribution with a circular uniform distribution in identifying
outliers. For example, [14] used Symmetric Wrapped Stable
(SWS) and Circular Uniformity (CU) to analyse the distribution
of pigeon’s vanishing angles data.

4. Outlier Identification in Circular Biological Data

Outliers are data that do not appear as normal with the
remaining data in the same set. An outlier may be data that is
novel, new, anomalous, abnormal, strange or noise. Circular
biological data contains two types of outliers, including any
analytical or biological data [29]. During the analytical process,
analytical outliers consist of one or more abnormal values among
all the samples. Thus, the researcher needs to determine whether
the outliers need to be removed or adjusted. While, the biological
outliers occur when the sample value tends to be extremely higher
or lower than other sample values [30]. Many researchers did a lot
of studies to identify outliers for biological circular data. [15] have
suggested two main ways to deal with this problem which are
outliers either can be deleted or adjusted. Besides that, robust
statistical methods also can be used to detect outliers. However, it
has been used only in the circular regression model that is applied
to environmental data in particular for wind direction data [31],
not for biological data. Therefore, it is very important to choose
suitable methods of identifying outliers in circular data for proper
data handling. Graphical and numerical methods are the most
common tools used in investigating the existence of outliers in
circular data. Thus, all those methods have been reviewed
intensively in the next section.

5. Outlier Identification for Univariate Circular Biological
Data

There are several graphical techniques used to detect outliers
in univariate circular biological data. The summary of all the
graphical methods in identifying outliers for univariate circular
biological data is shown in Table 1. There are three common types
of graphical techniques such are P-P Plot, Q-Q Plot and Circular
Boxplot. As example, [14] used the P-P Plot and Q-Q plot to
identify outliers in the pigeons vanishing angles after been
released. Meanwhile, [32] used the Q-Q plot to identify outliers
in the sea star movement directions after they were displaced from
their natural habitat. The P-P Plot is simple and easy to obtain by
finding the best-fitting circular normal distribution model but it
need supplement from numerical test. The Q-Q plot is obtained
by calculating the sample quartiles, but the technique was harder
to get accurate result especially for outlier that situated too close
to the other sample values. Meanwhile, [24] and [33] proposed
Circular Boxplot which is modification from the normal boxplot.
The technique is applied to the frog’s directions data. Homing
ability of northern cricket frog, Acris Crepitans has been taken
from [34]. The proposed method (Circular Boxplot) performed
better when both value of x and the sample size are larger.

Table 2 to Table 4 show few numerical methods for
identifying outliers of univariate circular biological data
particularly for ecological data which are frog, sea star and pigeon
movement. From the tables, it can be seen that the homing ability
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Table 1: Review on Outliers Identification in Univariate Circular Biological Data Using Graphical Methods

Biological Data Model Outliers Strength Weakness Analysis  References
(Ecological Distribution Identification tool
Methods
Data)
Pigeons- Circular P-P Plot Simple graphical Need to support by Statistical [14]
Vanishing Normal (CN) or way to detect outlier numerical test for a package:
angles of Von Mises and easier to obtain more accurate result. SPlus
pigeons released (VM) model by finding the best-
fitting CN
distribution, and then
plot it.
Q-Q Plot Approximate plot is It is harder to get the
obtained by result especially for
calculating the outlier that situated too
sample quantiles. close to the other
sample values.
Sea stars  Von Mises Q-Q Plot The extra feature of The type of plot may Not [32]
directions - after (VM) model the Q-Q plot is that very vary even when Mention
they were may reveal an the hypothesized
displaced from outlying value. model is appropriate to
their natural the data, therefore need
habitat to supplement by
numerical test.
Frog - homing Von Mises Circular Performs better when  Overlapping lower and  Statistical — [24, 33]
ability of the (VM) model Boxplot both the sample size upper fences may package:
northern cricket and value of x are occur. SPlus
frog, Acris greater.
Crepitans

It advisable to use
different values of
resistant constant v
for identifying
possible outliers in
the circular variable.

of northern cricket frog data has been widely used to illustrate the
capability of the proposed numerical methods. As example in
1980, [27] proposed four test statistics, namely L, C, D, and M’
Statistic to identify a single outlier in univariate circular data,
particularly for the frog data (refer Table 2). It was found for small
samples sizes that; it is better to use the C and D statistics.
However, no single statistic was recommended to detect multiple
outliers, and typical methods are only successful in detecting a
single outlier at one time. Furthermore, there was no discussion
on how to identify an outlier when the sample size is large.

One Spurious Observation which is introduced by [25], also
been implied to the frog data to present more than one outlier by
using the posterior probabilities of sets of m spurious observations
(refer Table 2). However, this technique is too sensitive to small
data. Later, [16, 24, 35] intensively done research on the frog data
and proposed few methods for identifying outliers in univariate
circular data (refer Table 2 and Table 3). The authors proposed
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three methods which are A Statistic, Chord Statistic and An
Alternative Test of Discordance.

Firstly, [35] introduced A Statistic which is based on the
summation of the circular distances from the point of interest to
all other points. It performed well in large sample sizes and
provide an alternative test of discordancy in circular sample,
especially with the known problem of finding the estimate of the
concentration parameter x, using maximum likelihood method.
Secondly, [24] proposed Chord Statistic which is more simpler
and easier to interpret. This method is based on the summation of
the chords’ length between the circular observations which is
using circular distance as parameter. Finally, [16] proposed a
discordance test which is based on the circular distance between
sample points. The test is called as An Alternative Test of
Discordance. This test can be applied to detect possible outliers in
both univariate and bivariate data. All simulations and tests done
by [16, 24, 35] were using SPlus Statistical Package.
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On the other hand, [23] used R Statistical Package to detect
outliers in the frog data (refer Table 3). The authors introduced
triple measure of robustness which is called a Robust Circular
Distance Statistic (RCDu). A high probability of outliers detected,
and low rates of masking and swamping are always considered as
the good robustness properties for any outlier detection methods.
RDCu successfully detect outliers with high levels of
contamination in large univariate circular biological data.

Table 4 shows the review of the outliers identification
methods for the sea star movement directions, vanishing pigeon’s
angles and Jander’s ant orientation. Two methods have been
introduced for sea star data that apply to the von Mises (VM)
distribution model. Firstly, [32] proposed M, Statistic (based on
resultant length) which is adapted from [27]. The method suitable
for small sample size and for single outlier. Secondly, [15]
proposed a method based on circular distance between circular
data points and circular mean direction by adjusting the outlier.
The procedures provided results of the mean resultant length as
close as the results of the clean data and minimize MCD (Mean
Circular Distance) with low and high contamination levels.

Few other methods have been introduced by [14]. The authors
proposed Likelihood Ratio Testing (LRT) Statistic and Locally
Most Powerful Invariant (LMPI) Statistic which are applied to
vanishing angles of pigeons once released. The results show that,
LRT has best performance when location parameter x, value is

moderate. While LMPI has best performance when location
parameter W1 value is small. It shows the same result when the ant
orientation data have been applied to LMPI [36]. Two types of
statistical package have been applied to LMPI which are SPlus
and DDSTAP Statistical package developed by [37].

In addition, Table 5 shows the studies in identifying outliers
for biomedical circular data. Only one research that used von
Mises distribution model which is study on eye data set of
glaucoma patients. [38] proposed G, Statistic, which is based on
the spacing theory. Other studies have been done on eye and
circadian rhythm data set but for Multiple Circular Regression
(MCR) model. [10] using DMCEs Statistic to analyse circadian

data base on systolic blood pressure. The DMCEs Statistic
performed well when the sample size n and the value of
concentration parameter x are large. Other statistics called
DFBETAC Statistic and COVRATIO Statistic are introduced by
[8, 9] applying to the eye data set. It is shown that, DFBETAC
Statistic performed well and more accurate when parameters
estimation become smaller after removing the outliers.

6. Discussion

Currently, review on circular biological data shows that, most
of the data are from ecological area of study. Only one biomedical
data has been found recently that using univariate circular
distribution model. While the other biomedical study involves
multiple regression analyses for example eye data of glaucoma
patients [8,9], and on circadian data which take from systolic
blood pressure reading [10]. Hence, we believe there is a need to
explore maore on univariate circular data related to human being
especially in biomedical research and health informatics since
identifying outlier for univariate data is crucial in the abnormality
stage investigation.

Outlier identification obviously becoming more important for
identifying of abnormality or error in circular biological data.
From the review tables, numerical techniques more frequently
used compared to graphical techniques. Although graphical
technique more interesting and simpler to calculate, the results
still need to be supplement by numerical technique to get adequate
and precise results. The graphical techniques also have
disadvantage when the sample size and value of x are smaller. It
is shown that, a lot of new technique has been evolving from
Mardia (M) Statistic by [39]. More new procedures have been
proposed, mainly calculated based on circular distance between
circular observations such as A Statistic [35], Chord Statistic [24]
and An Alternative Test of Discordance [16]. It shows that, those
proposed statistic performed well compared to C, D, L and M’
Statistics and can be applied to both univariate and bivariate data
for large sample size. The SPlus Statistical Package become the
most popular analysis tools that has been used for a lot of
proposed techniques.

Table 2: Review on Outliers Identification in Univariate Circular Biological Data Using Numerical Method

Biological Model Outliers Strength Weakness Analysis  References
Data Distribution Identification tools
(Ecological Methods
Data)
Frog - homing Von Mises L Statistic (LRT For large values of x, M There was no Not [27]
ability of the (VM) model  Statistic): based on Statistic is better and discussion on how Mention
northern maximum formed asymptotic  to identify an outlier
cricket  frog, likelihood ratio. distribution. when the sample
écrls_ C Statistic: based Small sample size better S12€ 15 large gnd
repitans. o when it has multiple
on sample mean to use C and D statistics. .
resultant length. e . outliers.
D statistic is easier to
D Statistic: based calculate than C
on relative arc Statistic.
lengths.
M Statistic:
adaptation  from
Www.astesj.com 98
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Mardia (M)
Statistic.
Frog - homing Von Mises One spurious Proposed method may Too sensitive to Not [25]
ability of the (VM) model observation indicate whether the small data, most of Mention
northern data implies the the result detect
cricket  frog, presence of more than more than one
Acris one spurious  spurious
Crepitans. observation using the observation,
subsequent probabilities therefore need to be
of sets of m spurious validate more.
observations.
Extremely potent
method in identifying
outliers  for  small
samples.
Frog - homing Von Mises A Statistic: based Perform well in The result not Statistical [35]
ability of the (VM) model on the summation detecting outlier accurate when package:
northern of circular especially for sample sample size is SPlus
cricket  frog, distances between size of 10 and above. small.
Acris circular .
Crepitans. observations. A_n alternatlve_test of
discordance in  the
circular sample using
the maximum likelihood
method, especially with
the known of estimated
K
Table 3: Review on Outliers Identification in Univariate Circular Biological Data Using Numerical Method
Biological Model Outliers Strength Weakness Analysis  References
Data Distribution Identification tools
(Ecological Methods
Data)
Frog-homing Von Mises A Statistic: based A and Chord statistics The test not been Statistical [24]
ability of the (VM) model onthe summation have similar performance done for small x. All package:
northern of circular  butperform better thanthe the successful test SPlus
cricket frog, distances between other tests (C, D, M tests) presented only done
Acris circular data. of discordancy in a byalargex.
Crepitans. Chord  Statistic: circular data set.
based on the The proposed statistics
summation of the are simple and easy to
chords’  length interpret by practitioners.
between the
circular
observations.
Frog-homing Von Mises Analternativetest Itenables usersto detect  The propose method Statistical [16]
ability of the (VM) model of discordance: outliersin univariate and  did not evaluate their package:
northern proposed based bivariate data. statistic by comparing  SPlus
cricket frog, on the circular It can be used for large with  others any
Acris distance between ) 9¢  statistical measures.
Crepitans. sample points. sample sizes.
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Frog-homing Von Mises ARobustCircular Triple  measures of The performance of Statistical [23]
ability of the (VM) model Distance (RCDu) robustness to evaluate the the RCDu statistic is package:
northern Statistic. proposed method: relatively low for R codes
cricket  frog, . small values of «
Acris Proportlon of because the circular
Crepitans. outliers detec.ted. data is more widely
Rate of masking. gjistributed around the
Rate of circumference of the
swamping. circle for low values
A high proportion of Ofthex.
outliers detected, and low
masking and swamping
rates, are always
considered to be good
robustness properties for
any outlier detection
statistic.
Able to detect outliers in
data with a high level of
contamination.
Successful in detecting
outliers in a large data set.
Table 4: Review on Outliers Identification in Univariate Circular Biological Data Using Numerical Method
Biological Model Outliers Strength Weakness Analysis  References
Data Distribution Identification tools
(Ecological Methods
Data)
Sea stars Von Mises M, Statistic: based M, performed better Cannot detect Not [32]
directions - (VM) model on resultant than Q-Q plot, suitable multiple  outliers Mention
after they were lengths -adaptation  for small sample size and not suitable for
displaced from from [22] and for a single large sample sizes.
their  natural outlier.
habitat.
Sea stars  Von Mises Adjust Outlier: The procedure The performance Not [15]
directions - (VM) model based on circular decreases the bias of not yet been tested Mention
after they were distance between both the circular mean with other methods
displaced from the circular data and the x values. such as L, C, D
their  natural points and the Tpe procedure Statistics.
habitat. circular - mean  provides results of the
direction mean resulting length
as close as clean data
results and minimizes
MCD (Mean Circular
Distance) with low
and high
contamination levels.
Successful for various
sample sizes.
Pigeons- Symmetric Locally Most  Applied this test in Did not propose a Statistical  [14]
Vanishing Wrapped Stable Powerful Invariant two cases: way to test circular  package:
angles of (SWS) and (LMPI) Statistic 1. When location data if &« is SPlus
pigeons once Circular parameter u; Mo, M1, unknown.
released. Uniformity and « are all known.
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(CU)  mixture 2. When only x is
model known.
Best performing when
small values of .
Likelihood Ratio The LRT performs Very computation-
Testing (LRT) best for moderate intensive and hard
Statistic values of . to apply as they
can't be written in
any closed form.
The exact LRT
statistic
distribution is
intractable.
Jander’s  ant SWS-CU Locally Most Easy to obtain and, as Small departures Statistical [36]
data - mixture model Powerful Invariant is seen, enjoy nice from the null package:
orientation of (LMPI) Statistic properties, namely hypotheses are DDSTAP
ants towards a monotonicity of the difficult to detect by [37]
black target power function and while large
when released consistency. departures can be
in a round easily detected by
arena. any reasonable
test.
Table 5: Review on Outliers Identification in Circular Biological Data Using Biomedical Data
Biological Model Outliers Strength Weakness Analysis  References
Data Distribution Identification tools
(Biomedical Methods
Data)
Eye data set Von Mises G, Statistic: based Identification of a patch Application for Statistical  [38]
obtained from (VM) model on the spacing of two outliers in the multiple outliers package:
a glaucoma (for univariate theory in circular data successfully. is difficult. SPlus
patient. circular data) data Expected to improve The swamping
performance when rates are
using a robust approach relatively high in
that warrants further identifying error
investigation. as outliers.
Eye data set Multiple COVRATIO Clearly favorable and Detect one single Not [9]
obtained from Circular Statistic: are showing good outlier at one Mention
a  glaucoma Regression determinant of the performance in  time.
patient. (MCR) model covariance matrix identifying outliers in
MCR  model, even
though it was extended
from a linear regression
model.
Eye data set Multiple DFBETAc Statistic Performed well and Regression Not [8]
obtained from Circular (extended from more accurate when model needs to mention
a  glaucoma Regression DFBETAS parameters estimation refit in order to
patient. (MCR) model Statistic): based on become smaller after get accurate
row deletion removing the outliers. parameter
approach estimations.
WwWw.astesj.com 101


http://www.astesj.com/

S Z Satari et al. / Advances in Science, Technology and Engineering Systems Journal Vol. 5, No. 2, 95-103 (2020)

Circadiandata DM  Circular DMCEs statisticc Good performance Performance not Not [10]
Regression based on row when x value is large. much clearly Mention
model deletion approach small x and when
Performs bet_ter for sample size s
larger sample size. small

7. Conclusion

In conclusion, outliers detection method for univariate circular
biological data has been transform a lot. The graphical techniques
are good in detecting outliers when both the sample size, n and
the value of concentration parameter, x are larger. Meanwhile, the
numerical techniques that based on the maximum likelihood ratio,
mean resultant length, arc lengths, circular distances and chord
lengths as its mainly parameters have been used to identify
outliers for univariate circular biological data. Circular distance
was widely used, and few methods has been proposed either to
detect, adjust or remove the outliers. However, the numerical
method mostly focused on identifying a single outlier at one time
only. Other techniques such as clustering has been used recently
for detecting outliers in circular regression models [22,40,41].
Hence, clustering also can be as one other alternative that can be
explored to detect outliers in univariate circular biological data.

Currently, most of the outliers detection methods proposed in
literature have been applied to study animal orientation data that
follows Von Mises Distribution Model. Only few studies on
outliers detection for biomedical data such as using spacing theory
[38], and row deletion approach [8,10] are used. Therefore, more
modern approaches can be explored to identify outliers in circular
biological data especially in biomedical study such as 3D analysis
[21], computer simulation and statistical modeling [42]. Finally,
analysis tools that mostly used for univariate circular biological
data analysis are SPlus and R Codes statistical packages. Thus, we
can explore other analysis tools such as Python and MatLab, since
circular package can also be found in both tools.
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