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Abstract

Cluster analysis is applied to group data so thatpmes within the same group are similar. A commmblem
with multivariate data implementation is that ttegaddiffers significantly from most of the othettalaOutliers can
significantly impact data analysis and model perfance, making their detection crucial in variousds. This
study presents an investigation of the outlier cteie method using multiple linear regression foouped
multivariate data. The research compares the pedoce of the proposed method with two existing aagines,
namely the Caroni and Billor (2007) method and thadin and Rocke (2004) method. In the case of
uncontaminated data, the proposed method stilkiiiesinliers as outliers in uncontaminated datd aexhibits an
increased percentage of not detecting outlierh@stimber of variables and sample size increagbelscenario
of contaminated data, the results reveal that tbpgsed method consistently outperforms both thei@and
Billor method and the Hardin and Rocke method imteof accuracy and precision. These findings gghlthe
effectiveness of the proposed method for outligecten in grouped multivariate data. The studytdbuotes to
the existing knowledge of outlier detection apptascand provides insights into their performanateunifferent
data conditions. Researchers and practitionerdeagfit from these findings when selecting appwetprioutlier
detection methods for various applicati.
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1. Introduction

Nowadays, cluster analysis is applied to group dat¢éhat samples within the same group are sinelgr, on the
business side, customers are segmented accordimgitconsumption behavior. Customers with singlamsumption
behaviors will be in the group. In medicine, patsesre grouped according to their symptoms or #gweithe disease
to use different treatment methods according testheerity of the disease, etc. (Montgomery et2811.2) Problems
encountered in the analysis of the data may beeositiOutliers can be caused by human error, thee ctzlection

tool, out-of-threshold simulation, or neither (Sayd, 2017). Outliers, by definition, are not likermal data in a
dataset. They are data points far away from nodat in each cluster.

When determining whether multivariate data thanidtigroup may have outliers, a popular methoddetecting
outliers was DBSCAN (Density-Based Spatial Clustgrof Applications with Noise) (Ester et al., 1998he
algorithm is designed to identify clusters in splatiatabases, even in the presence of noise alidreuDBSCAN
operates based on the concept of density, gathtvgether densely packed data points while separaparsely
populated regions. It defines two important pararsetepsilond), which specifies the neighborhood radius around
each point, and minPts, which sets the minimum remobpoints required to form a dense region ostelu In large
spatial databases, the DBSCAN algorithm has preffective at discovering clusters of arbitrary shapd managing
noise. It has been widely adopted and functionghasbasis for numerous density-based clusteringhoalst
Nonetheless, Hardin and Rocke (2004) presentedthochdor outlier detection in datasets that containltiple
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clusters. They proposed using the Minimum Covaedbeterminant (MCD) estimator to identify outlievghin each
cluster. They evaluated the performance of theipr@gch using simulated data and real-world examples
demonstrating its effectiveness in detecting orgligithin each cluster. They compared it with otbetlier detection
methods and showed that their proposed method meetb well in various scenarios. Caroni and Billan@7)
proposed a method for detecting outliers in muttate data that multigroup by improving the mettoddBillor et al.
(2000) that proposed BACON (Blocked Adaptive Conagiohally Efficient Outlier Nominators), which tiBACON
method applies to data with a single group. Theltefiowed in the simulated data that the dataumasntaminated.
The result was that the modified outlier methodrfrine BACON method found the percentage of outlitsse to 0
percent according to the simulated data.

Based on the statement about the problems of degemttliers, the researcher was interested irothkers that were
not caused by various errors. This extremely siggilt outlier that was not the result of multipteoes is significant
because it was directly generated by the samplte sunith as when people with diabetes have higloerdopressure
and blood sugar than normal people without diab@teleher, 2022).

Therefore, it is essential to account for outlialues that are not the consequence of errors. Breirmethod to detect
outliers in the case of multivariate data that iguttup mentioned above, there is a difficult apgticn requirement
to determine the distance between two points; timber of outliers depends on the cut-off point eausy the given
distribution and level of significance. If the Iéwé significance is too high, the outlier valuellwiot be found, but if
the level of significance is too small, it will cemany outliers to be found. It is not necesdaay all data sets have
outlier values. To be more accurate in identifyimgliers as true outliers for detecting outlieramnltivariate data
that is multigroup, this research would like togaet a method using the principles of Euclideatadie and multiple
linear regression. The remainder of the paper garired as follows. In Section 2, we introduce mafteand
methodology. Section 3 describes the results ascudsion. Finally, we describe the conclusion ictiSa 4.

2. Material & Methodology
2.1 The proposed algorithm

The purpose of this research is to present a mdthddtect outliers in multivariate data that isltiguoup using the
principles of Euclidean distance and multiple lineagression. We have the following method for agsiihg
research:

Algorithm. Detection Outliers Method in Grouped Multivari@iata
Inputs: X andk (k is the number of groups of data)

Outputs: Xijigs aNd X ias
01: for eachj=1tokdo
02: foreachi=1to N, do

p nj
03: Compute Euclidean distande:= /Z(ximj —ij)z whenX, =i Xy » P is the number of
m=1 nj i=1

independent variables and samsiglen=n, +n, +---+n,

04: end for
05: Create matrixl; with a sizeh; x p and H'j with a size(n; —h,)x p
min(d; ) + maxd.
06: if d; < @) @)
2
07: Then send X toH,
08: else send X toH |
09: end if
10:  for each dimensiom= 1to pdo
11: Compute multiple linear regresstguations in matrix ;
12: ComputR’
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13: if R2 =max(R?)
14: then select this m is dependent variable
15:  end for

16: Computeizslj| form H,

17: for eachl = 1to hj do

18: |8Ij|=|y|j _9Ij|;

19: end for

20: Computec, =max43”|)
21:  Computds, | form H|

22: for eachv=1to n, - hj do

23 & =Y ~ S\,vj
24: end for
25: end for

26:for eachj =1tokdo
27: for eachi =1 tondo

28: if |e;|>C; allj

29: Then send X toX giqs
30: else send X toX,iqs
31: end if

32: end for

33:end for

Return X, ixs and X, ies

The above algorithm of our proposed method is de@im Figure 1.

O —————* Euclidean distance of > ”

Data set o
®

Create matri.x
H and H.
each group ~ e

Select the independent
variable with the highest
R*as the dependent
variable in each group.

Compute multiple linear
regression k equations
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J

Compute max{‘sh ‘} each >
group form H ;
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Skl Rl

1
Comparing 2
3

i

Figure 1: The operating procedure of the proposethad.

2.2. Performance comparison
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In this section, we compare the performance ofptposed method with the previous two methods, iHaadd
Rocke (2004) and Caroni and Billor (2007). We siateilthe data using a multivariate normal distrifrutivith and
without contaminated data for 1000 iterations. Thterion for uncontaminated case is the proportibroutliers
detected. Accuracy, precision, and recall are riaitéor contaminated case. These methods are dedluhe
performance for 2 or 3 groups of data under comaitias follows:

1. We simulate the uncontaminated and contamirddéalin each groufg from a multivariate normal distribution.
fOC w2, 7,17) = 7O p, X) + (1= 7)D(X p, 7E)

wherer is contamination proportioqy is meanX is variance — covariance matrix,is degree of contamination,

d(x;p,X) isp-variate probability density function of multivarganormal distributions (Punzo and McNicholas, 2016

2. For 2 groups data, we denote

1 08 .- 0.
- - 08 1 0.
p, =[5,0,...4 n,=[750..0 ="
: : 0.8
08 08 -+ 1]
For unequal variance case, the variance — covaiamatrix of the second group is placed by the
1 06 - 06
06 1 --- 0.6 . . -
=l L 06 , 7=0,0.06p=2,5, 10 ang = 1.5. Letn, is sample size on groypj = 1, 2 when
06 06 --- 1
pxp
(n,n,) =(100,100) and (500,700).
3. For 3 groups data, we denote
1 08 - 0.
: - : 08 1 .- 0.
n =[50...4 n,=[750,..0 n,=[25466,..p £=|" 08
08 08 -+ 1]
For unequal variance case, the variance — covaiamatrix of the third group is placed by the
1 06 - 06
06 1 --- 0.6 . . -
r=| . . 06 , 7=0,0.06p=2,5, 10 ang = 1.5. Letn, is sample size on groypj =1, 2, 3 when
06 06 --- 1

pxp

(n.,n,,n,) = (100,100,100) and (500,700,500).

3. Results and Discussion

3.1 Result

In this section, we compare the performance ofpitegposed methods with the previous two methodsdidaand
Rocke (2004) and Caroni and Billor (2007). Tableand 2 depict the percentage of detected outligtisout
contamination data when assuming equal and unegwatiances, respectively. The accuracy, precisiod, recall
with 6% contamination data are depicted in Tablas®4, assuming equal and unequal covarianceeatsely.
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Table 1. The percentage of detected outliers witboatamination data: equal covariances assumed.

Hardir andRocke Caroni and Billo Proposed methc
K p n No. of outliers detectt No. of outliers detectt No. of outliers detectt

0 1 2+ 0 1 2+ 0 1 2+
2 (100) (100) 0 0 100 97.80 1.20 1.00 10.72  27.03 2%2.
(500) (700) 0 0 100 51.78 2447  23.75 20.72  36.033.2%
2 & (100) (100) 0 0 100 97.90 1.80 0.30 47.48 32.69 8309.
(500) (700) 0 0 100 52.49 23.88 23.63 43.16 50.22 626
10 (100) (100) 0 0 100 98.01 1.32 0.67 58.563  26.27 205.
(500) (700) 0 0 100 52.77 2461 22.62 84.49 14.83 .680

2 (100) (100) (100) 0 0 100 98.90 1.00 0.01 16.22 522. 61.21
(500) (700) (500) 0 0 100 56.69 27.17 16.14 18.907.12 46.07

3 5 (100) (100) (100) 0 0 100 98.10 1.40 0.50 51.24 660. 18.10
(500) (700) (500) 0 0 100 51.22 2491  23.87 69.774.82 5.35

10 (100) (100) (100) 0 0 100 98.10 1.30 0.60 63.72 8423. 12.44
(500) (700) (500) 0 0 100 54.62 26.74 18.64 91.23 668 1.10

Table 2. The percentage of detected outliers witboatamination data: unequal covariances assumed.

Hardin and Rocke Caroni and Billor Proposed method
k p n No. of outliers detected No. of outliers detected 0. bff outliers detected
0 1 2+ 0 1 2+ 0 1 2+
5 (100) (100) 0 0 100 98.90 0.30 0.80 2.90 7.40 89.70
(500) (700) 0 0 100 53.21 1455 32.24 2.12 5.81 0m2.
s s (100) (100) 0 0 100 98.20 0.20 1.60 42.27 33.76 923.
(500) (700) 0 0 100 49.22 1423 36.55 62.12 2494 2.94
10 (100) (100) 0 0 100 97.90 090 1.20 53.77 26.13 1@0.
(500) (700) 0 0 100 51.68 1492 33.40 80.56 1732 122
5 (100) (100) (100) 0 0 100 98.80 0.00 1.20 4.59 49.7 75.67
(500) (700) (500) 0 0 100 49.77 1421 36.02 11.89 5.12 72.99
s s (100) (100) (100) 0 0 100 97.12 1.20 1.68 53.12 480. 16.44
(500) (700) (500) 0 0 100 48.89 13.62 37.49 68.46 2.42 9.07
10 (100) (100) (100) 0 0 100 97.60 1.70 0.70 59.82 124. 16.06
(500) (700) (500) 0 0 100 48.77 1355 37.68 90.57 .112 7.32

In Tables 1 and 2, we present the results of thieeodetection method for grouped multivariateadabtained using
equal and unequal covariances. In the case of tacomated data, the results demonstrate that aauindber of
variables and sample size increase, the propos#ttbthexhibits an increased percentage of not detgoutliers
(No. of outliers detected are 0 and 1) based osdingple size and number of variables. ConverdatyCaroni and
Billor method displays a high percentage of detctetliers (No. of outliers detected is 0) when saeple size is

small, but this percentage decreases as the sampléncreases. On the other hand, the Hardin amtteRmethod
detects outliers in all cases (No. of outliers dietd is 2+).
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Table 3. Accuracy, precision, and recall with 6%tamination: equal covariances assumed.

Hardin and Rocke Caroni and Billor Proposed method

kP : Accuracy Precision Recall Accuracy Precision RecalAccuracy Precision Recall
) (100) (100) 0.9706 0.7023 1.0000 0.9324 0.4842 50 0.9976 0.9625 1.0000
(500) (700) 0.9896 0.6929 1.0000 0.9137 0.4769 @49 0.9996 0.9645 1.0000

o g (100) (100) 0.9555 0.7033 1.0000 0.9045 0.4854 6848 0.9903 0.9625 0.9792
(500) (700) 0.9891 0.6756 1.0000 0.8669 0.4611 (D49 0.9879 0.9646 0.9879

(100) (100) 0.9517 0.7193 1.0000 0.9256 0.4967 )48 0.9756 0.9618 0.9678

10 (500) (700) 0.987 0.7129 1.0000 0.9513 0.4913 @484 0.9726 0.9648 0.9469
9 (100) (100) (100) 0.9167 0.4211 1.0000 0.9800 10000 0.6667 0.9987 0.9883 0.9967
(500) (700) (500) 0.9526 0.4388 1.0000 0.9849 10000 0.6701 0.9997 0.9897 0.9970
- (100) (100) (100) 0.8908 0.4084 1.0000 0.9382 ®B970 0.6567 0.9788 0.9880 0.9761

(500) (700) (500) 0.9502 0.4376 1.0000 0.9393 07959 0.6642 0.9859 0.9829 0.9832

10 (100) (100) (100) 0.8567 0.3916 1.0000 0.9400 0r978 0.6524 0.9733 0.9826 0.9754
(500) (700) (500) 0.9498 0.4370 1.0000 0.9182 0958 0.6502 0.9511 0.9998 0.9613

Table 4. Accuracy, precision, and recall with 6%tamnination: unequal covariances assumed.

D n Hardir andRocke Caroni and Billo Proposed metht
Accuracy Precision Recall Accuracy  Precision Recall Accuracy  Precision  Recall
5 (100) (100 0.9714 0.7029  1.0000 0.9322 0.4897 0.5009 0.9972 9568. 0.9998
(500) (700 0.9892 0.6926  1.0000 0.9124 0.4816 0.4979 0.9995 9592. 1.0000
5 (100) (100 0.9563 0.6922  1.0000 0.8885 0.4823 0.4848 0.9867 9576. 0.9995
(500) (700 0.9886 0.6731  1.0000 0.8589 0.4662 0.4837 0.9694 959@. 0.9871
10 (100) (100 0.9556 0.7211  1.0000 0.9589 0.5029 0.5028 0.9757 9568. 0.9797
(500) (700 0.9872 0.7105  1.0000 0.9546 0.4937 0.5087 0.9827 959@. 0.9643

(100) (100) (10C 0.9145 0.4232 1.0000 0.9804 1.0000 0.6678 0.9908 9783. 0.9444

®  (500)(700) (50C  0.9527  0.4409 10000 09852 10000  0.6712 09924 9790. 0.9445
¢ (100)(100) (10 ~ 08986  0.4104 10000 09117 ~ 09592 06578 09751 9780. 0.9278

(500) (700) (50C ~ 0.9469 04397 1.0000 09163 09320  0.6653  0.9672 9899. 0.9324
1o (100)(100)(10C 08678 03935 10000 09387 ~ 09729 06535 09767 9720. 0.9273

(500) (700) (50C 0.9453 0.4392 1.0000 0.9247 0.9472 0.6513 0.9676 .9898  0.9036

In Tables 3 and 4, we present the results of tlikeodetection method for grouped multivariateadabtained using
equal and unequal covariances. In the case of G¥aconated data, the results indicate that the ggegp method
consistently outperforms both the Caroni and Biiteethod and the Hardin and Rocke method in ternacofiracy
and precision. Specifically, in all cases, the msgr method demonstrates higher accuracy and iprecismpared
to the Caroni and Billor method. Moreover, when 2, the accuracy and precision of the CaroniBifldr method
are lower than those of the Hardin and Rocke methlosvever, wherk = 3, the precision of the Caroni and Billor
method surpasses that of the Hardin and Rocke miewmtably, the Hardin and Rocke method consisteatthieves
a recall value of 1 in all cases.

Furthermore, we show the maximum number of deteotdtlers in 6% contaminated data for equal andquak

covariances assumed in Table 5. The results shatittie proposed method identically detects outtérabout 6%
for all scenarios.
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Table 5. The maximum number of detected outlier8%fcontaminated data.

Hardin and Rocke Caroni and Billor Proposed method

k p n equal unequal equal unequal equal unequal
covarianc covarianc covarianc covarianc covarianc covarianc

) (100) (100) 47(23.5%)  49(24.5%) 39(19.5%)  35(17).5%  14(7.0%) 14(7.0%)
(500) (700) 211(17.6%) 210(17.5%) 116(9.7%)  1GB¥B. 82(6.8%) 80(6.7%)

) 5 (100) (100) 44(22.0%)  46(23.0%) 46(23.0%)  43(2D5%  13(6.5%) 13(6.5%)
(500) (700) 199(16.6%) 198(16.5%) 107(8.9%)  118%9). 82(6.8%) 79(6.6%)

10 (100) (100) 38(19.0%)  41(20.5%) 41(20.5%)  40(20.0%  12(6.0%) 13(6.5%)
(500) (700) 194(16.2%) 198(16.5%) 122(10.2%) 1189 78(6.5%) 80(6.7%)

) (100) (100) (100) 74(24.7%)  77(25.7%) 21(7.0%)  23(7.7%) 20(6.7%) 21(7.0%)
(500) (700) (500) 397(23.4%) 389(22.9%) 101(5.9%)  103(6.1%) 111(6.5%)  107(6.3%)

100) (100) (100) 71(23.7%) 86(28.7% 20(6.7%)  22(7.3% 22(7.3% 22(7.3%

3 s (100) (100) (100)

(500) (700) (500) 389(22.9%) 396(23.3%) 111(6.5%) 108(6.4%) 106(6.2%)  115(6.8%)

10 (100) (100) (100) 75(25.0%)  76(25.3%) 25(8.3%)  23(7.7%) 21(7.0%) 21(7.0%)
(500) (700) (500) 402(23.6%) 417(24.5%) 108(6.4%)  121(7.1%) 104(6.1%)  108(6.4%)

We utilize the proposed method on a real datasepcsing measurements of seven characteristics #émoung
bulls representing three different breeds (JohrsswmhWichern, 2002). In Figure 2, we have plottesl diata in the
space defined by the first two principal componeNRtsably, the 2 black points in the plot indicateential outliers.
These observations are visible in Figure 2. Th&a2kopoints mean 2 young bulls are outliers bec#usdirst young
bull has back fat and sale weight more than therogloung bulls, and the second young bull has -éréat body,
percent fat-free body, and sale weight more tharother young bulls.
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Figure 2: Outlier detection results of the proposexthod.

From Figure 2, the proposed method for the detectfautliers can detect two outliers that may b#iers, the same
as the Caroni and Billor method. These methods detrate a similarity in their outcomes for outldtection.

3.2 Discussion

Uncontaminated data: the proposed method demoestila¢ proposed method exhibits an increased pageof
not detecting outliers (0 and 1) as the numberapiables and sample size increase. This suggestshi proposed
method still identifies inliers as outliers in umtaminated data and exhibits an increased peroeiofagpt detecting
outliers when dealing with larger sample sizes arude variables. The Caroni and Billor method exgilai high
percentage of detected outliers (0) when the sasipéeis small, but this percentage decreaseseasatmple size
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increases. This implies that the Caroni and Biti@athod may struggle to detect outliers effectivielyarger sample
sizes. The Hardin and Rocke method detects outtiexts cases (2+). This suggests that the HardihRocke method
is sensitive enough to identify outliers even irafireample sizes.

6% contaminated data: the results indicate thaptbhposed method consistently outperforms bothCheoni and
Billor method and the Hardin and Rocke method imte of accuracy and precision. The proposed method
demonstrates higher accuracy and precision comparéide Caroni and Billor method in all cases. Wlken 2
(referring to the number of outliers), the accurand precision of the Caroni and Billor method laxer than those

of the Hardin and Rocke method. However, wken3, the precision of the Caroni and Billor metlsnipasses that

of the Hardin and Rocke method. Notably, the Haedid Rocke method consistently achieves a rechiewvaf 1 in

all cases. This indicates that the method corrédéptifies all the true outliers.

These findings suggest that the proposed methowsshpyomising performance in outlier detection fanttb
uncontaminated and contaminated data, outperforitiagpther two methods in terms of accuracy andigion.
However, it's important to consider the specifiamtteristics and limitations of each method armdt thpplicability
to different data scenarios.

In real data applications, the proposed outlieect&in method can detect two outliers identicahttzse of Caroni and
Billor, but our simulation results are better; onethod is better than Hardin and Rocke and Carmhigillor.
In this sect

4. Conclusion

The proposed outlier detection method demonstratesng performance in both uncontaminated and 6%
contaminated grouped multivariate data that is juaposed method identifies outliers with complessnand
accuracy. It exhibits an increased percentage bélecting outliers in uncontaminated data, eslgaivith larger
sample sizes and more variables. Moreover, wherpaoed to the Caroni and Billor method and the Huasatid
Rocke method, the proposed method consistentlyaekihigher accuracy and precision in 6% of contatad data.
However, the specific characteristics and limitasioof each method should be considered when clgpdbim
appropriate outlier detection approach for différéata scenarios. These findings contribute tofigld of outlier
detection for grouped multivariate data and prowaduable insights for researchers and practitioregeking
effective methods to identify outliers in variousta settings. Further research can explore thenmeahce of these
methods in different levels of contamination andleste their robustness in real-world applications.
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