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Abstract - Shoulder blades, scapulae, are important skeletal structures that support the arms and their muscle power sources to 
generate movements in the course daily life activities. If the shoulder blade bone has abnormal symptoms or incorrect movement, 
these affect the arm in the long-term would cause injury. Therefore it is important to check the movement of the shoulder blade 
before the injury occurs. Usually, it is difficult to check the movement of the shoulder blade bone as it needs a physiotherapist or 
specialist to diagnose injury or abnormality. Furthermore, it is difficult to diagnose related diseases as the scapulae have 
connections with many other organs. A doctor's examination can only measure the degree of shoulder blade’s movement. This is 
the motivation for the research reported in this paper, i.e. to develop a tool to analyze and classify scapula injury. The purposed 
method uses motion sensors to collect data and convert it to Euler diagrams, which are then divided into sub-groups to create 
motion patterns. The formula is calculated using the standard Z score. The experimental results classify normal and abnormal 
movements and calculate the accuracy of the results to improve the process. 
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I. INTRODUCTION 
 

Scapulae are the most important part of the body in a 
limb movement. They support the arms to enable up and 
down movement. We use our arms for daily weightlifting 
activities such as eating, exercising, writing or working [1-
4]. However, the shoulder bones are part of many uses and 
they may not work correctly. Scapula injuries can occur for 
many reasons, such as incorrect scapula movement or 
muscle inflammation. 

Traditional methods find it difficult to diagnose 
impairment and require expert knowledge to clearly identify 
the injuries. The type of injury clarification will affect 
treatment. Hence, there is a need to use motion sensors to 
help improve the movement measurement process and use 
the motion values to apply suitable computer algorithms, for 
example K-Mean Clustering and Divide-and-Conquer, to 
standardize the movement of the shoulder blades. For 
comparison, this study also tested the accuracy of the 
proposed method by using the similarity of the model and 
hypothesis test. 
 

II. LITERATURE REVIEW 
 

The original measurement of the movement of the 
shoulder blade bone uses a tool named goniometer [27], 
which can determine whether the shoulder blade bone is 
moving normally. Precise measurement of the angle 
depends on the knowledge, expertise and skills of the 
operator/doctor, which requires highly skilled experts [5-6]. 
Our research project work utilized a video camera to 
capture motion to investigate movements from viewing 
pictures and analyzing the scapula injuries. However, it is 

expensive because of precise angle estimation requires a 
number of cameras [7-8]. Current research projects rely on 
the use of motion sensors, which due to their accuracy and 
low cost data display [9-10] can also facilitate analysis of 
motion data for use in machine learning. 
 

III. RELATED THEORIES 
 

A. Euler Equation 
 
Euler’s Equation [11-12] is used in complex analysis to 

introduce the relationship between trigonometric functions 
and complex exponential functions. Euler's formula states 
are for any real number x, and transforms the linear term to 
angular term as equation (1) and equation (2). 
 

	cos θ   (1) 
	sin θ	   (2)	

 
where m is the gathered data from the motion sensors, 
i is the order of the data, 
θ is the angle, with a range from 1 to 360 degrees. 
 
B. K-Mean Clustering 
 
K-Mean clustering [13-14] is the easiest clustering. The 

goal of K-means is to group similar data points together and 
discover potential patterns. To achieve this objective, K-
means looks for a fixed number (k) of clusters in a dataset. 
This algorithm classifies by k-value selected from user. This 
equation can be derived as equation (3) 

	 ∑ ∑ 	 , ,..,∈    (3) 
 



WISAN TANGWONGCHAROEN: COMPARISON OF METHODS FOR ANALYZING SHOULDER BLADES 

DOI 10.5013/IJSSST.a.21.03.03                                            3.2                              ISSN: 1473-804x online, 1473-8031 print 

where i is the order of the data, 
 is the centroid of the cluster order I, 
,..,  are the Euler graph points. 

 
The formula for adjusting the center of mass can be 

derived as equation (4) 

	
1

1 . . .       (4) 

Where  is the centroid of the cluster order i 
  is the point from Euler graphs 

n is the number of points in Euler graphs. 
 

C. Standard Score 
 
In statistics, the standard score is the sign fractional 

number of standard deviations the value of an observation 
or data point is above the mean value of what observing or 
measuring. Observed values above the mean have positive 
standard scores, while values below the mean have negative 
standard scores. There are many types of standard scores 
classified by mean and standard deviation, such as Z score, 
T score, stanine, and percentile [15-18]. Our study chose the 
Z score because of the mean and standard deviation (S.D.) 
value are a range between 0 and 1. These values expand the 
range of shoulder bone movement and specify the position 
Z score equation can be obtained as equation (5). The mean 
and standard deviation are calculated through the clustering 
step. 
 

 /2 ∗ √
μ /2 ∗ √

	 	100 1 % 

 
where Z is the standard score 
μ is the confidence interval (95%) 
X̄ is the mean 
SD is the standard deviation 
n is the number of data 
α is the critical value (0.05) 

 
D. Divide-and-Conquer 
 
Divide and Conquer algorithm used to solve large and 

complex problems. Working recursively breaking down a 
problem into two or more sub-problems of the same or 
related type, until these become simple enough solving 
directly. The solutions of the sub-problems combining to 
give a solution to the original problem. This algorithm is 
widely used and adapted to sorting or finding the closest 
pair of point. The more advantage of divide and conquer is 
that algorithm efficiency is the key and helps to find 
effective algorithms. The algorithm can be executed in a 
multi-processor machine. It also helps to access memory. 
The memory cache is effectively used. In computations with 
rounded arithmetic, e.g., with floating-point numbers, a 
divide-and-conquer algorithm may yield more accurate 

results than a superficially equivalent iterative method. [19-
23] 

 
E. Similarity Testing 

 
Similarity testing is knowing as equivalence or parity 

test. The similarity test has one-sided and two-sided tests 
called non-inferiority. The similarity test only statistically 
proves that the difference between the two products in the 
comparison is less than the difference allowed in strength or 
preference. Similarity tests use confidence intervals for 
testing, such as T test, one-tail test, and two-tail test. It also 
discusses the confidence interval for similarity assessment 
and the controversy about similarity (equivalence) testing in 
statistical and sensory literature.  

In this study, the Divide-and-Conquer algorithm was 
used to calculate the similarity. According to the 
information, it is divided into subgroups suitable for this 
algorithm concept. It solves small problems and finds 
answers to big problems, as shown in Figure 1. 

 

 
Figure 1. Example of comparison of distance data between comparison 

data and normal pattern and abnormal pattern 

 
F. Hypothesis Testing 
 
A statistical hypothesis, sometimes called confirmatory 

data analysis, is a hypothesis that testable on the basis of 
observing a process that modelling via a set of random 
variables.[1] A statistical hypothesis test is a method of 
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statistical inference. Commonly, two statistical data sets are 
comparing, or a data set obtained by sampling is comparing 
against a synthetic data set from an idealized model. A 
hypothesis is proposed for the statistical relationship 
between the two data sets, and this is compared as an 
alternative to an idealized null hypothesis that proposes no 
relationship between two data sets. If, based on the 
threshold probability (significance level), the relationship 
between the data sets is unlikely to achieve the null 
hypothesis, the comparison is considered statistically 
significant. Hypothesis test is used when determine what 
outcomes of a study would lead to a rejection of the null 
hypothesis for a pre-specified level of significance. [25-26] 

 
IV. METHODOLOGY 

 
In the beginning, the scapula movement data from the 

sensors that was set up on the tuber scapulae were gathered. 
Testers performed 3 postures: the shoulder lifting posture, 
the straight arm stretched posture, and the extend scapulae 
posture as shown in Figure 2, 3 and 4. The raw data are 
linear graphs.  

 

 
Figure 2. Shoulder lift posture stage 

 

 
 

Figure 3. Straighten arm posture stage 

 
Figure 4. The extend scapulae posture stages 

 

They were transformed to Euler graphs for the scapula 
movement simulation. All densities of groups were shown 

in this stage. Next, the Euler graphs were clustered by K-
means clustering into 3 subgroups. At this stage, the groups 
were rearranged to determine the densities of each subgroup 
more easily. We used k = 4 because at this value, the 
clearest difference can be achieved. The Z score is used to 
specify the density range of the subgroup. Generate 
prototypes of normal and abnormal patterns. For specified 
the scapula movement pattern we used the similarity of 
density ranges of normal and abnormal patterns compared 
to the test data. The reason for choosing divide and conquer 
is because the data is separate and the algorithm is suitable 
for this kind of data characteristics. 

In the testing process, we used hypothesis theory to 
compare between three methods: Euler graph only, K-
means clustering and similarity test. In the testing process, 
we used hypothesis theory to compare between three 
methods: Euler graph only, K-means clustering and 
similarity test. The research method is shown in Figure 5. 

 

 
Figure 5. The research methodology 

 
V. RESULTS AND DISCUSSION 

 
This section shows the experimental results of the three 

postures of scapula movements data. Data were collected 
from 25 normal people without shoulder injury and 10 
abnormal people diagnosed with shoulder problems. Both 
data are displayed as Euler graph. K-Mean clustering, the 
specific pattern with Z-Score, the calculation of similarity 
and the accuracy scores comparison of all 3 methods. 
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A. Euler Graphs 
 
The results illustrate linear graph is converted to an 

angle graph. The graphs simulated shoulder blade’s 
direction to rotate in 360 degree angle. The Euler example 
shows three poses, as shown in Figures 6 to 8. 

 

 
Figure 6. Euler graphs from the shoulder lifting posture. 

 

Figure 6 shows normal people are very dense in the 
middle of the circle. However, the anomalous Euler's 
density is smaller in the middle. The data of abnormal no.2 
have a circular data model. There is a density inside of the 
ring. But some of the data is clearly distributing in the 
middle of the ring. 

Figure 7 shows Euler's graph for normal people. The 
graphical form is a ring. The Euler graph of abnormal is a 
circle or ring depending on the injury. The data in the center 
is very dense. The abnormal data of No. 2 has a ring model. 
There is density around the boundary of the ring. The data 
at the border is a centrifuge. 

In Figure 8 the Euler diagram shows normal people in 
the form of a ring. The inner two edges of the ring have 
dense information. The abnormal Euler is a circle. The data 
in the center is very dense.  

Judging from Euler's results, the difference between 
normal and abnormal people is unclear. 

 

 
Figure 7. Euler graphs from the straight arm stretched posture. 

 

 

 
Figure 8. Euler graphs from the extend scapulae posture. 
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B. K-Mean Clustering and Specific Density Range 
 
This stage is used to adjust the density data to form 

subgroups. To make it easier, we use Z scores to cut high 
density data sets to detect dense data. 

 

 
Figure 9. K-Mean clustering from the extend scapulae posture. 

 

As can be seen from Figure 9, the movement density 
position pattern of normal people is similar. In an abnormal 
case, only number 1 has a different pattern of movement 
density positions number 1 and number 2 are similar. In 
terms of data density, it can be clearly seen that in the first 
movement pose, the normal result will have a long and 
dense data set. Abnormal results are shorter than normal 
results in dense data sets. 
 

 
Figure 10. K-Mean clustering from the extend scapulae posture. 

 

As can be seen from Figure 10 and Figure 11, the 
movement density position pattern of normal people is 
similar. In abnormal case, only the abnormal number 2 and 
the abnormal number 3 have the similar pattern movement 
density positions. The abnormal number 1 has a different 
density position. In terms of data density, it can be clearly 
seen that in the second movement pose, the normal result 
will have a long and dense data set. Abnormal results are 
shorter than normal results in dense data sets. 
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Figure 11. K-Mean clustering from the extend scapulae posture. 

 
C. Similarity of Results 
 
The similarity test is a test for calculating the similarity 

of density patterns. This calculation used the Divide and 
conquer algorithm to find the difference between two 
patterns, normal and abnormal. They will be data tests that 
have not been diagnosed by any tests. This will show the 
data test differences between the normal data tests shown in 
Table I.-Table III. The abnormal data tests are shown in 
Table IV- Table VI. 

 
TABLE I. DISTANCE DIFFERENCE OF NORMAL PATTERN IN 

POSTURE 1 
Groups of Data 

Group 1 Group 2 Group 3 Group 4 

13.61 -0.27 -3.29 58.01 
-13.33 -6.42 -34.17 23.74 
80.74 15.86 -34.89 -81.11 
37.81 0.49 -27.81 -13.43 
-34.35 28.89 -45.25 49.09 
12.30 -5.58 34.47 -34.53 

262.14 -94.91 -32.23 201.07 
-37.56 18.75 60.19 -56.51 
-7.68 -6.80 51.37 -27.62 
65.18 11.73 0.07 -58.19 

 
TABLE II. DISTANCE DIFFERENCE OF NORMAL PATTERN IN 

POSTURE 2 
Groups of Data 

Group 1 Group 2 Group 3 Group 4 
-14.47 -24.46 20.66 3.83 
-8.73 -24.46 -20.66 3.83 
0.24 24.46 1.94 -3.83 

14.47 24.46 -20.66 -3.83 
-14.47 -24.46 20.66 3.83 
14.47 -19.28 20.66 3.83 
-9.81 24.46 20.66 -3.83 
-14.47 -24.46 -20.66 -3.83 
14.47 24.46 0.37 3.83 
-14.47 -14.54 20.66 3.83 
-14.47 -24.46 17.05 3.83 
-14.47 24.46 20.66 -3.83 
14.47 24.46 20.66 3.83 
14.47 24.46 -20.66 -3.83 
-14.47 -24.46 -20.66 -3.83 
-14.47 -13.54 -20.66 -3.83 
14.47 -24.46 -20.66 3.83 
-14.47 -16.99 20.66 3.83 
-14.47 -24.46 -20.66 -3.83 
14.47 -14.40 -20.66 3.83 
-14.47 -24.46 -20.66 -3.83 
-1.98 -24.46 -20.66 -3.83 
14.47 24.46 -20.66 -3.83 
-14.47 -10.20 -20.66 -3.83 
-14.47 -24.46 -20.66 -3.83 

 
TABLE III. DISTANCE DIFFERENCE OF NORMAL PATTERN IN 

POSTURE 3 
Groups of Data 

Group 1 Group 2 Group 3 Group 4 
2.31 4.89 17.11 16.18 
2.31 4.89 -17.11 -16.18 
-2.31 -4.89 -17.11 -16.18 
-2.31 -4.89 17.11 16.18 
-2.31 -4.89 17.11 16.18 
-2.31 4.89 17.11 -16.18 
-2.31 -4.89 -17.11 -16.18 
-2.31 -4.89 -17.11 -16.18 
-2.31 -4.89 17.11 16.18 
-2.31 4.89 17.11 -16.18 
-2.31 -4.89 -17.11 -16.18 
-2.31 4.89 -17.11 -16.18 
-2.31 2.33 17.11 4.31 
2.31 4.89 17.11 16.18 
2.31 -4.89 -17.11 9.93 
2.31 -4.89 -17.11 -16.18 
-2.31 -4.89 -17.11 -16.18 
2.31 4.89 17.11 16.18 
-2.31 -4.89 -17.11 -16.18 
-2.31 -4.89 2.44 4.03 
-2.31 -4.89 17.11 16.18 
2.31 -4.89 -17.11 16.18 
2.31 4.89 17.11 16.18 
2.31 4.89 17.11 16.18 
2.31 4.89 -17.11 16.18 

 

From the distance difference results, it can be found that 
the data of gesture 1 is the closest to the normal person in 
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the fourth data group. The second is group 2, and the third is 
group 3. The longest distance is in data set 1. 

 
TABLE IV. DISTANCE DIFFERENCE OF ABNORMAL PATTERN IN 

POSTURE 1 
Groups of Data 

Group 1 Group 2 Group 3 Group 4 
13.61 -0.27 -3.29 58.01 
-13.33 -6.42 -34.17 23.74 
80.74 15.86 -34.89 -81.11 
37.81 0.49 -27.81 -13.43 
-34.35 28.89 -45.25 49.09 
12.30 -5.58 34.47 -34.53 
262.14 -94.91 -32.23 201.07 
-37.56 18.75 60.19 -56.51 
-7.68 -6.80 51.37 -27.62 
65.18 11.73 0.07 -58.19 

 
TABLE V. DISTANCE DIFFERENCE OF ABNORMAL PATTERN IN 

POSTURE 2 
Groups of Data 

Group 1 Group 2 Group 3 Group 4 

13.61 -0.27 -3.29 58.01 
-13.33 -6.42 -34.17 23.74 
80.74 15.86 -34.89 -81.11 
37.81 0.49 -27.81 -13.43 
-34.35 28.89 -45.25 49.09 
12.30 -5.58 34.47 -34.53 
262.14 -94.91 -32.23 201.07 
-37.56 18.75 60.19 -56.51 
-7.68 -6.80 51.37 -27.62 
65.18 11.73 0.07 -58.19 

 
TABLE VI. DISTANCE DIFFERENCE OF NORMAL PATTERN IN 

POSTURE 3 
Groups of Data 

Group 1 Group 2 Group 3 Group 4
-0.23 -0.49 1.71 1.62 
-0.23 -0.49 -1.71 -1.62 

0.23 0.49 1.71 1.62 

-0.23 -0.49 -1.71 1.02 

0.23 0.49 -1.71 1.62 

-0.23 -0.49 1.71 1.62 

-0.23 0.49 1.71 1.62 

-0.23 -0.49 -1.71 -1.62 

-0.23 0.49 1.71 1.62 

0.23 0.49 1.71 1.62 
 
 

The data of gesture 2 is closest to the normal person in 
the fourth data group, the second data is the data in group 1, 
and the third data is the data in group 3. The longest 
distance is data set 2. 

The data of pose 3 is the most normal person in group 1 
closest to the normal person, the second is group 2, and the 
third is group 4 data. The longest distance is the data in 
group 3. 

The number of similarities of normal people is mainly in 
the data sets 2 and 4 of position 1. At position 2, most data 

is in group 1, groups 3 and 4 are in position 3, and the group 
with the most information we have is in group 2. 

The data of posture 1 of the abnormal people compared 
to the normal data have the nearest distance as the normal 
people in group 4, the second is the data in group 2 and the 
distance in third is data in group 3. The longest distance is 
the data group 1. 

The data of pose 2 is the closest to the normal people in 
the first group, the second group is the data of the third 
group, and the distance of the third place is the data of the 
fourth group. The longest distance is the data group 2. 

In the data of pose 3, the distance of the most normal 
person is the closest to the normal person in group 1. The 
second is the data of group 2 and the third is the data of 
group 4. The longest distance is the data group 3. 

The number of similarities of the abnormal person is 
mainly in the data set 1 of the poses 1. In pose 2, the 
numbers are the same. In posture 3, most people are in 
group 1. 
 
D. Accuracy of Results 
 

In comparing the accuracy of this algorithm, we used 
hypothesis testing to test normal and abnormal people we 
compared the Euler graph between K-Mean clustering and 
the proposed method. The accuracy results are listed in the 
Table VII. 
 

TABLE VII. ACCURACY RESULTS COMPARISON 

Algorithm 
Posture 

Posture 1  Posture 2  Posture 3
Euler graphs 92.31% 80.77% 88.46% 
K-mean Clustering 86.96% 82.61% 60.86% 
The proposed method 84% 62% 69% 

 

Euler achieved an accuracy of 92.31 at position 1, 
scored 80.77 at position 2, and 88.46 at position 3, K-Mean 
Clustering scored 86.96 in position 1, scored 82.61 in 
position 2, scored 60.86% in position 3 For the similarity 
test, use 84 points at position 1, 62 points at position 2, and 
69 at position 3. From the accuracy test, the Euler graph can 
analyze the data in position 1, in which the graphs are 
different. So that I can distinguish the data. But in other 
positions, it is difficult to distinguish. Because data analysis 
using K-means clustering can well analyze the data at 
positions 1 and 2. Different postures mean different muscles 
are used in sports. Makes it possible to analyze more 
injuries. 
 

VI. CONCLUSION AND FUTURE WORK 
 

This research paper presented a method for the analysis 
and comparison of the movement patterns of shoulder 
blades. The scapula data were gathered by motion sensors 
from both normal and abnormal groups of testers to 
determine the pattern of movement of the shoulder blade. 
We used data from the motion sensor to convert it to Euler 
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diagrams. The graph simulates a 360-degree shoulder 
movement and illustrates the density of the data. However, 
using only the Euler graph it was not possible to clearly 
determine the movement pattern. The K-Mean clustering 
was used to separate the big data into subgroups. The 
density can be seen more clearly at this stage, but the range 
of the pattern could not be determined, which resulted in the   
use of statistical equation for calculating the pattern 
position. We chose the Z-score because these data need only 
specify the movement pattern, it does not necessarily 
translate to a percentage basis. Through the Z score 
calculation result, the edge of the data can be defined, and 
the shoulder blade movement mode of normal and abnormal 
people can be set. Finally, we tested the accuracy of the 
proposed methods. We chose the Euler graph pattern and K-
Mean clustering for comparisons. Consequently, the 
accuracy test was performed using Euler drawing algorithm 
and K-Mean clustering. For accuracy: i) the Euler graph had 
the highest accuracy in position 1, followed by position 2 
and finally position 3, while ii) K-Mean grouping received 
the accuracy value of position 1, followed by position 
accuracy. The 3rd and final position 2 is the method 
presented, which achieved the highest accuracy at position 
1, then the lowest accuracy at position 3, and the lowest 
accuracy at position 2. All the test results showed that the 
proposed method can be further developed in the 
complicated 3rd position test, which would overcome the 
errors by the tester from the data collection, who may not 
move correctly where at some point the movement cannot 
detect the blade. 
 

REFERENCES 
 
[1] G. Eason, B. Noble, and I. N. Sneddon, “On certain integrals of 

Lipschitz-Hankel type involving products of Bessel functions,” 
Phil.Trans. Roy. Soc. London, vol. A247, pp. 529–551, April 1955.  

[2] J. Clerk Maxwell, A Treatise on Electricity and Magnetism, 3rd 
ed.vol. 2. Oxford: Clarendon, 1892, pp.68–73. 

[3] I. S. Jacobs and C. P. Bean, “Fine particles, thin films and exchange 
anisotropy,” in Magnetism, vol. III, G. T. Rado and H. Suhl, Eds. 
New York: Academic, 1963, pp. 271–350. 

[4] V. Inman,M. Saunders,L. Abbott. “Observations on the function of 
the shoulder joint”. J Bone Joint Sur, Vol. 26,pp. 1–30. 1994 

[5] J.H weon, O.Y. Kwon, H. S.Cynn et. al. (1974) Real-time visual 
feedback can be used to activate scapular upward rotators in people 
with scapular winging: an experimental study, Journal of 
Physiotherapy,Vol. 57, Issue 2, 2011, Pages 101-107. 

[6] L. T'Jonck,R. Lysens R, G. Grasse (1996), “Measurements of 
scapular position and rotation: a reliability study”. Willey, 
Vol.1,Issue 3, pp. 148-58. 

[7] C. J. Odom, A. B Taylor, C. E Hurd and, C.R Denegar, 
“Measurement of Scapular Asymmetry and Assessment of Shoulder 
Dysfunction Using the Lateral Scapular Slide Test: A Reliability and 

Validity Study”, Physical Therapy, Volume 81, Issue 2,pp. 799–809, 
1 February 2001. 

[8] M.B. Warner, P.H. Chappell, M.J. Stokes.(2015) “Measurement of 
dynamic scapular kinematics using an acromion marker cluster to 
minimize skin movement artifact” J Vis Exp. Vol.96. Published 2015 
Feb 10. 

[9] J. Phanitchart, and W. Kimpan(2015).Phase Graphs Applying Used 
in Analyzing Scapular Patients. Chonburi, Thailand: The 7th 
conference of Electrical Engineering Network of Rajamangala 
University of Technology, pp. 137-140 

[10] Aidan O'Shea, Rory Kelly, Sian Williams, Leanda McKenna, 
Reliability and Validity of the Measurement of Scapular Position 
Using the Protractor Method, Physical Therapy, Volume 96, Issue 4, 
1 April 2016, Pages 502–510 

[11] Leonard Euler (1748) Chapter 8: On transcending quantities arising 
from the circle of Introduction to the Analysis of the Infinite, 
page214, section 138 

[12] Lin, Dekang; Wu, Xiaoyun (2009). Phrase clustering for 
discriminative learning. Annual Meeting of the ACL and IJCNLP. 
pp.1030–1038. 

[13] A. M. Bagirov, S. Taheri, J. Ugon, (2016). "Nonsmooth DC 
programming approach to the minimum sum-of-squares clustering 
problems". Pattern Recognition. 53: 12–24 

[14] Fränti, Pasi (2018). "Efficiency of random swap clustering". Journal 
of Big Data,Vol. 5 Issue 1 ,pp. 1–21 

[15] Kendall, M.G. and Stuart, D.G. (1973) The Advanced Theory of 
Statistics. Vol 2: Inference and Relationship, Griffin, London. 
Section 20.4 

[16] Zar, J.H. (1984) Biostatistical Analysis. Prentice-Hall International, 
New Jersey, pp 43–45. 

[17] Aho, Ken A. (2014), Foundational and Applied Statistics for 
Biologists (First ed.), Chapman & Hall / CRC Press 

[18] Glantz, Stanton A.; Slinker, Bryan K.; Neilands, Torsten B. (2016), 
Primer of Applied Regression & Analysis of Variance (Third ed.), 
McGraw Hill 

[19] M. I. Shamos and D. Hoey. "Closest-point problems." In Proc. 16th 
Annual IEEE Symposium on Foundations of Computer Science 
(FOCS), pp. 151—162, 1975 

[20] S. Fortune and J.E. Hopcroft. "A note on Rabin's nearest-neighbor 
algorithm." Information Processing Letters, 8(1), pp. 20—23, 1979. 

[21] S. Khuller and Y. Matias. A simple randomized sieve algorithm for 
the closest-pair problem. Inf. Computer., 118(1):34—37,1995 

[22] Tutorial point, “Divide and Conquer” Search from 
https://www.tutorialspoint.com/data_structures_algorithms/divide_a
nd_conquer.htm on 2020-02-01 

[23] B. Skerritt, “Divide and Conquer Algorithm” Search from 
https://medium.com/brandons-computer-science-notes/divide-
andconquer-algorithms-4e83d9999ffa on 2020-02-01 

[24] Clarke, K. R. (1993). "Non-parametric multivariate analyses of 
changes in community structure". Austral Ecology.Vol. 18 Issue 
1,pp.117–143. Donald E. Knuth, The Art of Computer 
Programming: Volume 3, Sorting and Searching, second edition 
(Addison-Wesley, 1998). 

[25] Buttigieg, Pier Luigi; Ramette, Alban (2014). "A guide to statistical 
analysis in microbial ecology: a community-focused, living review 
of multivariate data analyses". FEMS Microbiology Ecology. 90 
Vol.3: 

[26] Morrison, Denton, Henkel, Ramon, eds. (2006). The Significance 
Test Controversy. Aldine Transaction. 

[27]  Goniometer: https://en.wikipedia.org/wiki/Goniometer 

. 
 
 
 


