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61910138: MAJOR: INFORMATICS; M.Sc. (INFORMATICS)

KEYWORDS: Recommendation System, Machine Learning, Ensemble Learning

SIRIWAN PHONGSASIRI : VACCINE RECOMMENDATION SYSTEM FOR WELL
BABY CLINIC. ADVISORY COMMITTEE: SUWANNA RASMEQUAN, Ph.D. 2021.

In this research has introduced a Vaccine Recommendation system for
Well Baby Clinic. The framework is divided into 2 phases: Phase 1 will be data
management. The data was cleaned and filled with averages. Outliers are eliminated
through algorithms. Probabilistic Mapped Mean-Shift (PMMS) with 93%, 94%, 80%,
75%, and 72% accuracy was tested with CWC, Stamps, Arrh, Pima and Pakinson data,
respectively. This is the highest accuracy compared to other algorithms used to
compare the performance of the proposed algorithm. Once the data in Phase 1 has
been dealt with, This results in a clean and populated CWC dataset. Including
cleaned and completed dataset without outliers, the CWC data will be tested to
determine an appropriate algorithm for recommending individual vaccines for
children. The Gradient Boosting Classifier method yields a maximum accuracy of

53%, which is the highest of 11 algorithms.
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3.4 \ileeny 4-6 U 1914 DTwP, DTaP 130 Tdap (Boostrix™ #3e Adacel™)ls
3.5 Wwiney 11-12 ¥ maslasunisda Td w3e Tdap 3o TdaP (Boostagen™) 4]
Tazesldsu Tdap ooy 4-6 U wnewndelsl wdindunisdansedu
ey Td n 10 T
3.6 §A13lA5U Tdap 3o TdaP 1 ads lidazaeld TT wie Td wwiuwiled
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6.3 a1u1saldinguyia live JE wnuwila inactivated JE o visluni1sangausn

a Y aal Yo o, . ! v a
wazn1sannseau lunsalaelasu inactivated JE 11nau wazsain153nse

a8 live JE vaccine TANaNSU12aRIUA1519



10

Use3Rn1sandndiu inactivated JE Tuafn | Jauuziinlunisanindu live-attenuated JE
1 a < | [y = [ I a
1 19y an 2 194 190U 3-24 Lautkalunyina
v a
YDIIAYU)
2-3 19y A0 1 Wy hsandugeine 17
>4 9y ligdusodndn*

§I5N 2-1 W915847177539 live JE

*919719150130 live JE 1 100 vinsannidugnasing 1
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Tugndmnuides

9.3 lidnlusiesdnindusulusnunaniens 2 Yauly

a v

9.4 MNBUANY TANAITUNDANIUAIT

91gilizuan \fouflvasn1san PRP-T

2-6 LB 0, 2, 4, AANTEHUIY 12-18 LhiouY
7-11 piou 0, 2, AANTEAUDY 12-18 LhiDU
12-24 ifiau Wafen

>24 Loy Lawwﬂﬁﬁm* 0, 2

MI5N 2-2 N15anIATU Hib
*pidseialsAdy 1w Anglauiuunnses iy vieshuihauinung

Y 9

10. IATUAUDNLEULD
10.1 faduiindeliiTin (nactivated vaccine) anldhausiony 1 JFuly
Tnedn 2 Waiedu 6-12 Wou enaldmsndinldlunsiaudtazads
10.2 faduniindedidin (live vaccine) Anlddausieny 18 eutuly

e daLRen



11. Ingudgndla

12

11.1 Anlasiausiony 1 Vauly wuzihlvdaduusneny 12-18 ieu

11.2 g1afesanliaadug 2 Weany 21-4 Y a1adadud 2 neusny 4 U

Talunsdlndnisseuin lagdoaiieandulsnegetes 3 LHou 919

143a%u MMRV wnu MMR uaz VZV wuusenidy (glude 5)
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Y 3 3 aa v ! =
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PCV 3 A% Wy 6-8 FUansA

PCV 1 AS3 078 12-15 Lilou

WnUnAuaziinidss 7-11 hau

PCV 2 A% Wiy 6-8 FUansk

PCV 1 AS3 078 12-15 Lilou

WnunRuaziindes 12-23 1ieu PCV 2 A3 Mnariu 6-8 dUn9i liifaadn
Wwnun@ 2-5 U PCV 10 i 2 @59 PCV13 T4 1 Ass liidasda
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PCV10 1% 2 Ada vinaffu 8 dUavi
PCV13 1% 2 ada vinaffu 8 dUavi

PCV13 1% 1 Ada
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13.2 %iin pentavalent (bovine-human) Wi 3 ASY WeangUssa 2,

4 uaY 6 Lo
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3 54
13.5 aunsabiagulsinsiunuiadulualevinnule
13.6 ﬁmﬁ%%umwgdﬁﬂ”ﬁﬁmﬁUUﬂwiaﬂ severe combined immune

deficiency (SCID) wazlunnniuseiRalanauiuy
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d\deneoen 4 aneiiug (DEN 1-4)

14.2 Tdelunaueny 9-45 U dn 3 W et 0, 6 uaz 12 Tugiineiinnsg
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ialiigndes dreegnatu Trdugunisliingiuetades 4 dUav mlairduldanasvineein

TRawsn 2 daut Winenldanaeslnluandas aaslilnilagrieainlddansing @9lunife

Y 9
anand) 4 dUant wazazduiaduilvgnduldanassny nsaianduiadudaidy agrdy

sosiuszasvinausaslaaedetos 28 Tu wu dliiadudandlaliauwsnisoniteny 1 Y wu

11 hau 2 dant dadliie@ulyy o1gaunnndn 1 U uazdewineaintdaiiy 4 dans

v

Sagudoduanunsalindeuturatevialuiufeinu wevnnasluldndauiu arsiu

szozinaliinaiueg1etiey 1 Weu dmsuirduloneaylivieiuuiuwinladle

faFuuaslaaiild | owfluusdli | owndesiigavediiat | ssesvieiuusi | ssesihaiides
(vaccine & dose (Recommen (minimum age) Aulfannlu ﬁqwaﬂﬁa
no.) ded age) (Recommended aaly
interval) (minimum
interval)
BCG LINLAR LINLAR - -
HBV-1 LINLAR LINLAR 1-4 \pau 4 §Uani
HBV-2° 1-2 Lfiau 4 §anvi 2-17 \fiou 8 dumvi
HBV-3° 6-18 Ay 24 §ani - -
DTwP,DTaP-1 2 ey 6 dUAA 2 iy 4 dUai
DTwP,DTaP-2 4 oy 10 dUm9 2 \hou 4 dUan
DTwP,DTaP-3" 6 LRoU 14 dUanvi 12 1hou 6 Liiou
DTwP,DTaP-4 18 Loy 12 ifiou 3% 6 LioU
DTwP,DTaP-5 4-6 U 49 - -
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fnTuuadlfedld | owgfluustli | evgtosiigavedliall | stesvheiiuumin | szesvineiites
(vaccine & dose (Recommen (minimum age) nulfaanly ‘ﬁ'qmlmiﬁa
no.) ded age) (Recommended anly
interval) (minimum
interval)
Tdap’ 467 2119 49,79 - -

Td 11-12 Y 79 100 5%
OPV,IPV-1 2 hiou 6 dunv 2 oy 4 §anvi
OPV,IPV-2 4 ey 10 dUm9 2 ey 4 dUan
OPV,IPV-3 6 Lhiou 14 dUant 12 1hou 6 LADU
OPV,IPV-4° 18 Lhou 12 1hou 3% 6 LADU
OPV,IPV-5 4-6 Y 47 d -

MMR-1 9-12 LApu 9 U 1%-5% 4 §Uan
MMR-2 2% - 6 U 1% 9 - -
Inactivated JE-1 12-18 Lfiou 9 LU 4 §ani 1 dUansi
Inactivated JE-2 13-19 Lfiou 10 Lhou 11 1hou 3 dUan

Inactivated JE-3 24-30 Ly 21 1oy - -
Live JE-1 9-12 \fiou 9 LU 3-12 o’ 3-12 o’
Live JE-2 12-24 \hpu 12-21 iieu® - -
Hib-1° 2 oy 6 dUA 2 \fiau 4 dUani
Hib-2 4 \fiou 10 §Um 2 \fiou 4 Fanvi
Hib-3 6 Lhou 14 ot 6-12 Liiou 8 duan
Hib-a" 18 Lhou 12 1hou - -
pCv-1° 2 fiou 6 dUmv 2 \fiou 4 Fanvi
PCV-2 4 \Hay 10 dUan 2 flau 4 dUai
PCV-3" 6 oy 14 dUani 6 Lfiou 8 dUm W
PCV-4 12-15 U 12 oy - -
PS23-1 - 2 5% 5%
PS23-2 - 79 - -
Rota-1" 2 \fau 6 dUmvi 2 \fiou 4 Favi
Rota-2 4 \pou 10 dUani 2 Loy 4 dUani
Rota-3(1amne 6 \oU 14 dUani - -
Rptateg®)
Var-1 12-18 \fiay 12 gy 359 12 dUani
Var-2" 4-6 1 15 Lhou - -
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HAV-2" > 18 Loy 18 1fiou - -
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HPV-1 11-12 9 9% 1-2 Lhiou 4 dUnii
HPV-2" 11-12 ¥ 9 U + 4-8 dUa i 4-5 1hu 12 dUmsi
(+1-2 thiou)
HPV-3 11-12 9 U + 24 dUm - -
(+6 Liow)
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2.2 N3138U3Y29AT89INT (Machine Learning)
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® n1suusnenydszLnn (Classification)

n1suUskenyszinmn Wun1sdwundszinndeya vo9 Machine Leaming WUy
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Intelligence (A) annfign Wunsiseuiwazivaeulunudaandon Megrs nsdhdu
P171Ulan Ao s3UU Al 39791 “Alpha Go” AWaILUIlasUTEN Deep Mind ¥89
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2.3 K-Nearest Neighbors

K-Nearest Neighbors (K-NN) Aia 1udunauislunismiuiunissesnig

seninegavesteyaauladunnyadeyanvun Welaszenvieseniigaynyaiy
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Y 9
75 K- Nearest Neighbors funau il
1. MuuerwInges K
2. AnNTEEEiNYesaLafeIiITaniungulaya
3. nITEEIAUYR9TEEEYN Uazidanfiansanyadeyanindiuganaula
NITUINAWTIUIY K Ninuald

4. farsandeyadnuiu K ga wazdunadngatmilnaiugeiaulauinige

2.4 53UUBULU1 (Recommender System)
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2.3.1 Collaborative Filtering
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Junsinsananuveuiidelamuiduanuseuvedly 1wy nsliasiuu (Rating)
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2.3.1.2 Item-Based Filtering {un13nsesdayasiu lneia1snnaingenis

fumiignenlggnAnauLseliu
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FWlunsuugthsesiarsanmanuasevesldidmunedudldauduneglugiuteya
lngldaunsi (2.1)

Bnamaanuadeaaskuulalell (Cosine-based Similarity)

Z j(ru i'mj :ruv:mj)

sim(u;,u,) =
l v \/Zj(rui:mj)z\/Zj(Tuv:mj)z

Taofi
U={Ug Up, wey Uj or, Uy} 7D LE00ELY
M ={My My, ..., M; ..., My} A Lwnvedlowm
Tuyom; Ao Azwuulamy mjﬁgﬂﬁlﬁﬂmuuimm:ﬂ% Uy
Tupm; Ao Azwuulawmy mjﬁgﬂiﬁﬂmt,uuiméﬂ% U;
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2.3.2 Content-based Filtering
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2.5 Gradient Boosting Classifier
Gradient Boosting Classifier Wy Boosting T meau35 1u Ensemble
Learning 7114 Classifier nanedeoyaugisasalunanwaznensalvinnululddony
Insusaziazuilugasesves Classifier fneunt wle Training 1@5aud Classifier
Y] & 1y . & a v al
NNFIENYINTAITINAY Ensemble Learning 9z10UN1559v04lUaaN15158 U3
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2.6 MUIBNNITD4
Farag Hamad Kuwil wazaai g (2020) launaues1uldeisos A novel data
clustering algorithm based on gravity center methodology $1uAdelauLausnITLULIY
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mdﬂﬁ?uéjw“qm‘ﬁaﬂgam‘g TawA NNDSS, Health-infectiousdisease-2001 2014, Unplanned
Hospital Visits-Hospital, Diabetes wag Medicare National DMEPOS HCPCS

Jiawei Yang wazagiz (2021) ldinaueauiseiies Mean-shift outlier detection
and filtering AselddnauamAlanInTIamuaznssrLdosuwade Werdnanuey
Beosiiinanafnund tunoudsildldsuiteyadiauuazanss nanismaaeswesisd
dmiueuilfivssasnmiiniituneuisnsausinundsug 0 5 33 16un LOF, ODIN, NC,
IFOREST wa ABOD funauisiduiissavsnmmilonivisnsnsiamenfisunifidog Tiun
LOF, NC, KNN, ODIN, MCD, IFOREST, OCSVM, PCAD wag ABOD Tusuiildgndoyalunis

7Aa09 AD KDD-Cup99, Stamps, PageBlocks, Pima, Arrhythmia iag Parkinson
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Xiaokang Wang wazaaie (2020) 1@uo91u38 309 A density weighted fuzzy

outlier clustering approach for class imbalanced leaming ¥ u3gn1sdnnquAtRnUnf
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Blood-transfusion, Parkinson, Sick numeric2, WDBC uag Wine

Jiang Xie wazam £(2020) lauiauesnuiduting A local-gravitation-based
method for the detection of outliers and boundary points “1WAdelaULELe ﬂﬂsﬁauuaLLGi
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! 4y 8 Heart disease, Lymphography, lonosphere, Breast cancer Wisconsin, Blood
transfusion service center wag SPECTF

Aditya Hari Bawono wazamig (2019) leiniausaiuisedos Outlier Detection
with Supervised Learning Method 11u33eléuaue 35n1sduiitounarsds loun K-
Nearest Neighbor, Centroid Classi er wag Naive Bayes Qﬂﬁ’lmm%mﬁwLﬂULﬂ%@dﬁ@Iu
A159ANTIUNNIATIITUARAUNR RamFITenuITismsmanillanadns 81% dmsums
AeluomaniiiotFuisnsdananiiieusuuseuseansnm Elhossinyuazans wuslagld K-
Means++ fiufuugaiiodanisiuteyafiviamelunazaiinund nanisnaasslagliiin
RMSE 1a 17% ldyadeoya Thyroid, Vertebral, Wine, Satellite, Breast cancer k@ ¥
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Diego Luchi uazaz (2019) lévnaueiuideiies Sampling approaches for
applying DBSCAN to large datasets :1u3deaus DBSCAN 1Juisn1sdnngudinsuns
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MsUSuTEIn DBSCAN uiaziidaymidesanuanusalunsuiuawn uisanessy DBSCAN
annsaaaalumsduiunsifidesnindunugiuuuieyaanas uasSuauediSainlmin
Foni1 1-DBSCAN Bsanunsaudlunazaimadwsiindmivgadoyaviamualagliifinsives
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Pima, AN3L7184, Satimage-2, Shuttle, Speech, Thyroid, Vertebral, Vowels, Wine La¢
Nad
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Raid Lafta wazame (2015) leiiausuidodes An Intellisent Recommender
System based on Short-term Risk Prediction for Heart Disease Patients $1u3 48 la
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Reena Pagare wazaaz (2012) ¥1iaue1uidai3as A Study of Recommender

Systemn Techniques uAdgladlauenantensaumsazdeavesdunvuivledann
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age gender height weight
1180 83 1 81873519 11.253136
1181 &3 1 81873519 11.253136
1182 83 1 81873519 11.253136
1183 &84 1 109900000 16.100000
1184 84 1 111.900000 16.900000
1185 &84 1 114.700000 13.300000
1186 84 1 119300000 21.000000
1187 &84 1 124.200000 25600000
1188 84 1 126.900000 27.200000
1189 84 1 125600000 30.000000

N9 3-3 uaAinIsiiNTeyanIenRaY

sudwesinsulasdeyalveglugunaunsalinsiedild 819 Yayaseteinduds
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Y

(cleaned and completed dataset without outliers)
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Tunisaliunuideaiunseunisidenseylunin 3.1 agusznaulde 2 wla 4

[
o

Phase Il

[ k-Nearest Neighbors Acquisition ]

[ Neighbor's Distribution Calculation ]

[ Data Point Reposition ]

|

[ Qutlier Score Calculation ]

[ Qutlier Selection ]

JUADUNAN LAY 8 TUABULDY AILAAIIUNIN 3-3 JUABUNITAILUINUTY Phase | hay

Cleaned and Completed Dataset without Qutliers

Phase Il l

[ Training / Testing Alternative Models ]
(90 /10)

Best Fit Model
Gradient Boosting Classifier’

[ Identify Optimal Vaccine ]

End

NN 3-4 FupaunIsaniduaruly Phase | 4ay Phase Il

a1t 3-3 Tu Phase | wiadu 2 Sumeumndn fie 1) Probabilistic Mapping 1ng

wistunowdu 3 Tunaudeos fe (1.1) Fumeu k-Nearest Neighbors Acquisition aztdunis

dongadeyailndfian (1.2) Jusau Neighbor’s Distribution Calculation Lun1sAuan

msnsyanemnuvzluvesdaya uay (1.3) Tumeu Data Point Reposition 9z¥i1n136e

nfeyanuludiganiinnuiianlugean 2) Outlier Detection fduneuteos 2 Tumou Ao

(2.1) Tumau Outlier Score Calculation aztdun1sAILIUMIAT Score Outlier @ruludunay

(2.2) Outlier Selection L‘i‘]uﬂmﬁaﬂ%gaﬁ@u Outlier AWAAIIUAIN 3-5



31

k-Nearest Neighbors Acquisition

Meighbor's Distribution Calculation

Data Point Reposition

Outlier Score Calculation

|

Ty

Outlier Selection ]

209 3-5 YUROUNISANTUIIY Phase |

Ty Phase Il wuadu 2 Tusaundn As 1) Model Selection Insnuady 2 Tunou
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v

o A0 (1.1) 9unoy Training / Testing Alternative Models 1Jun1snaasdldtunauds
favn 11 38 smeaev iteidenlunaiinign Ingvhnisudstoualunts Training u 90
wazdoyaiild Testing 1lu 10 91ntuludumeu (1.2) Best Fit Model \un1sduInimen
AugndasvasnniunouiBuaswudn 4uneuds Gradient Boosting Classifier iA1A21
Qﬂé]’@ﬂmﬂﬁqm 2) Vaccine Recommendation & 1 Funaudos Ao (2.1) Funou Identify
Optimal Vaccine Tutumeuiiasidunisssyiadudmsuinudarsns Tnglususeut wwdu
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lnssguvagindoyannieudmiunisinluuseuiana lUnaaeuiutuneuisnmun 11 35
Y o ¥ & ax Aaa o =t o a v o
wavinAiAugnapvetuneuls lnelliiivestoyanldlunsaniunis loun deyaime o

Wt d3uae pdx, dx0, dx1,dx2 wagipduilasy

Cleaned and Completed Dataset without Outliers

Phase Il l

[ Training / Testing Alternative Maodels ]
(S0 /10)

[ Best Fit Model ]

(Gradient Boosting Classifier)

[ Identify Optimal Vaccine ]

End

AN 3-6 FURDUANTUIIY Phase I
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33 %agauazwuﬂau’asﬂ?’ﬂumsmL‘uu\‘i'\mi}a

3.3.1 Dataset wag Algorithm (Phase 1)

(% ]
o Y o

yadayaniunldlunimaass ieTeuiisuuseansamvestuisminaus

Usznausme 4 yadeya fiail

1
v a v

- Stamp fiYeyaniavan 340 Wl wazldayainung 9.10%

Y

- Arrhythmia ddayaviavun 450 Uo7 uazilveyaiaund 15.8%
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[
o v

- Pima 1991a9un 768 w1 wariiauanaun@ 34.9%

Y Y

v

- Parkinson #ayaviaviun 195 uad uarilveyaiaund 75.4%

Y

Probabilistic Mapping

Probabilistic Mapping L‘f]umséﬁwsﬁayjaﬁlﬁmﬂmiﬁwmmmmm%L*fJu Tudumentl
Usznausie 3 duneu luduneudl 1 KNearest Neighbors Acquisition Tudumeud 2
Neighbor’s Distribution Calculation warludunouil 3 Data Point Reposition a5u18lé
il
K-Nearest Neighbors Acquisition

K-Nearest Neighbors Acquisition agtfunsidengadeyaillndiign Ingldduneuis
k-Nearest Neighbors Sudnn1sviau st
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Neighbor’s Distribution Calculation

Neighbor’s Distribution Calculation azidunisAuaunsnssaeanLinaviues
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14 L al

Toun NRINIMTBLAWNIAUTINIU K ATUALET Touaudazyanvinn1smseesvinenlng

Y

NanazgninluAIuImIAINIINIZIEAIvBYA A18TUADY Truncated Gaussian

9 Y

Distribution (TGD) A9&1n15 (3-1)

( b) = 1 CD(%
x; Hl O-I a; = o cD(b_—“)—cD(ﬂ) (31)
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X Ao MswanuasuuuUnifidaeds 1 wavaraudsusi 02 aglud
(a,b) vnuudeuls X vua < x < b dnswanuasuunidi@euiigngs

18U (Truncated Gaussian Distribution)
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Data Point Reposition

Data Point Reposition Wunsénedeyaiuludigateyaniiniuuinziugan e

Y o &
UUYURBU AU

TUADULIN : LEBNYALTUAUIINYA K-Nearest Neighbors (k-NN)

TURBUADY : JAuAaTIRRIWINmIAIALITduveIn s duaTnluusas

9

nau
& I - o aa ! < t-:l' [ Ql'
YUNDUAU : Laaﬂu’]VUﬂﬂﬂﬂqﬂ'}qﬂJuqﬁ]gLUU%QW@@ PNATNN 3-7
4
=10
54r
sy fe ey
aafuma Faaslni
Fufus Ag szazinaszwing
ECIE UL ERbETN
©
[
o
[}
uw
=
>

3.8 -
49 5 5.1 5.2 5.3 5.4 5.5 5.6 5.7 5.8

X dmnnudtya

W7 3-7 uansn menAulUgagnly

N 4 14 v o ! 1 i o ! ! I
NANT 3-7 wanansdneanteyaluduiuvislng Tnsiuinmnnuiiaslugean

1435 Truncated Gaussian Distribution lag#l 9a@1U1RY Ao ALY d1uAdLAS Ao aln

(%
a o a a

WAZLAUALAY AD SEE¥NaTENINRANIR UL AN



35

I-' = = =
apRUIRY Fa 9A6

yafusy Ae qalmi
“wo » o = < «
Fufuas fle szazvinszwing

- 4 P agFuAugslm

100

y #1 Score

20 New dense area

20

%50

= oL
: 2w

. *

M9 3-8 saanswuimiunainis Mapping

d' o ¥ v o 1 1 ¥ o 1 1 <
NN 3-8 wanin1sdrendeyaluduinunidng TdnsAnaairnuinasdugen
1435 Truncated Gaussian Distribution lag#l 3A@1U1IY Ao ALY @1uAFLAS FiD alul

wazLdUALA Ao TEEEVNTENINgARNiURa bl

Outlier Detection

v

Outlier Detection {unsasiamaiaundludeyaund Stuneu 2 dusew laud Tu

Junaui 1 Outlier Score Calculation waglutumaui 2 Outlier Selection a5unela sail

Outlier Score Calculation



36

Outlier Score Calculation TutunautiazidunisAuium Score Outlier Toyanla
Azdl 2 ya Ao Yeuaiiu uavdeualvi Yeagldszueni1eAiuiumiAl Score ¥as Outlier
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To 0 Azl Top-N outlier
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- Iris Ipyaviaviua 150 uad HilAdeya 6 df uazileana 3 Aand

Model Selection
Model Selection tJudunaunis@nudunauds 11 35 wWisthuUSsuiisudunay
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TBleaugnaewInian laguue 2 Juneu taun Tuneu Training /Testing Alternative

(%
[

Models waztumau Best Fit Model a5unale Al
Training / Testing Alternative Models

Training / Testing Alternative Models {Jun1snaaesldtunauisnaun 11 35 an
nAdeU Lielianlunaninign laevinisuusteya Training Aa 90 uag Testing A8 10 WY
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[ L7 ]
Alternative Models
K-MNeighbors Classifier

Sdaua Random Forest Classifier

l Logistic Regression
Perceptron
ﬂ?:ﬂ')ﬁﬁﬁﬁ'ﬂyjﬁ J Decision Tree Classifier
l Gradient Boosting Classifier
- pra - Bagging Classifier
; ; YAFIARTATIHINFARITEY
Confusion Matrix | L .
TaLAARaE AdaBoost Classifier
TP+TN . .
Acc Confusion Matrix GaussianNB

= TP+ TN + FP + FN | \=ontusion Matrix /| GaussianNB
MLP Classifier

209 3-12 uanetumeulunisnnaesiuneuisaus 11 35
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Uszananadeya udwhnsinmiaugnaeivestunewisumagisae Confusion Matrix



40

Best Fit Model
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Neighbors Classifier, Random Forest Classifier, Logistic Regression, Perceptron,
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sonilu 2 wa (Phase) Ae wilai 1 Wunisanfiunisiiiedanisiudeyaiiliauysaluas
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ToyainUnd wasinai 2 iunsafiunisienmdunewdsiuansaulunisssyinduseny

[

va [ &
ANNUTLIFRVDIAN A9U

1.1 doyanlilunismeass (data sets)

Y Y o

Joyailtlunmeasswesnuided Ussnaulumedayadisil

4.1.1 %’agamwﬁ 1

wadl 1 Ao Teyaiildlunismaasaman 1 iedanisiudeyaiiliauysaiuazdeya
Anund Tasazusznevludeteyaaesdiu fe diuil 1 1udeyangrudeyaingunind
vido CWC Jadugruteyatimnevesuids uazdnd 2 Joyafimeuniansisus tieldly
nsnageulaziUTauisuna taun Arrhythmia, Pima, Parkinson, tag Stamps A4i@a981

[

Toya fail

Age Sex height | weight QRS P-R Q-T T P QRS
interval | interval
56 1 165 64 81 174 401 149 39 25
54 0 172 95 138 163 386 185 102 96
55 0 175 94 100 202 380 179 143 28
75 0 190 80 88 181 360 177 103 -16
13 0 169 51 100 167 321 174 91 107
40 1 160 52 77 129 377 133 77 77
49 1 162 54 78 0 376 157 70 67
44 0 168 56 84 118 354 160 63 61
50 1 167 67 89 130 383 156 73 85
62 0 170 72 102 135 401 156 83 72
45 1 165 86 77 143 373 150 65 12
54 1 172 58 78 155 382 163 81 -24
30 0 170 73 91 180 355 157 104 68
44 1 160 88 77 158 399 163 94 46
47 1 150 48 75 132 350 169 65 36
47 0 171 59 82 145 347 169 61 77

M5 7 §I0879783a Arrhythmia




a2

Prenancies | Glucose Blood Skin Insulin BMI Diabetes Age Outcome

Pressure | Thickness Pedigree

Function

6 148 72 35 0 33.6 0.627 50 1
1 85 66 29 0 26.6 0.351 31 0
8 183 64 0 0 23.3 0.672 32 1
1 89 66 23 94 28.1 0.167 21 0
0 137 40 35 168 43.1 2.288 33 1
5 116 74 0 0 25.6 0.201 30 0
3 78 50 32 88 31 0.248 26 1
10 115 0 0 0 35.3 0.134 29 0
2 197 70 45 543 30.5 0.158 53 1
8 125 96 0 0 0 0.232 54 1
4 110 92 0 0 37.6 0.191 30 0
10 168 74 0 0 38 0.537 34 1
10 139 80 0 0 27.1 1.441 57 0
1 189 60 23 846 30.1 0.398 59 1
5 166 72 19 175 25.8 0.587 51 1
7 100 0 0 0 30 0.484 32 1
0 118 84 47 230 45.8 0.551 31 1
7 107 74 0 0 29.6 0.254 31 il
1 103 30 38 83 43.3 0.183 33 0
M5 8 Faeetaya Pima
MDVP: MDVP: MDVP: MDVP: MDVP: MDVP: MDVP: Jitter: MDVP: MDVP:
Fo(Hz) Fhi(Hz) | Flo(Hz) | Jitter(%) | Jitter(Abs) | RAP PPQ DDP Shimmer | Shimmer(dB)
119.992 | 157.302 | 74.997 | 0.00784 | 0.00007 0.0037 | 0.00554 | 0.01109 | 0.04374 | 0.426
122.4 148.65 113.819 | 0.00968 | 0.00008 0.00465 | 0.00696 | 0.01394 | 0.06134 0.626
116.682 | 131.111 | 111.555 | 0.0105 0.00009 0.00544 | 0.00781 | 0.01633 | 0.05233 0.482
116.676 | 137.871 | 111.366 | 0.00997 | 0.00009 0.00502 | 0.00698 | 0.01505 | 0.05492 0.517
116.014 | 141.781 | 110.655 | 0.01284 | 0.00011 0.00655 | 0.00908 | 0.01966 | 0.06425 0.584
120.552 | 131.162 | 113.787 | 0.00968 | 0.00008 0.00463 | 0.0075 0.01388 | 0.04701 0.456
120.267 | 137.244 | 114.82 0.00333 | 0.00003 0.00155 | 0.00202 | 0.00466 | 0.01608 0.14
107.332 | 113.84 104.315 | 0.0029 0.00003 0.00144 | 0.00182 | 0.00431 | 0.01567 0.134
95.73 132.068 | 91.754 0.00551 | 0.00006 0.00293 | 0.00332 | 0.0088 0.02093 0.191
95.056 120.103 | 91.226 0.00532 | 0.00006 0.00268 | 0.00332 | 0.00803 | 0.02838 0.255
88.333 112.24 84.072 0.00505 | 0.00006 0.00254 | 0.0033 0.00763 | 0.02143 0.197
91.904 115.871 | 86.292 0.0054 0.00006 0.00281 | 0.00336 | 0.00844 | 0.02752 0.249
136.926 | 159.866 | 131.276 | 0.00293 | 0.00002 0.00118 | 0.00153 | 0.00355 | 0.01259 0.112
139.173 | 179.139 | 76.556 0.0039 0.00003 0.00165 | 0.00208 | 0.00496 | 0.01642 0.154
152.845 | 163.305 | 75.836 0.00294 | 0.00002 0.00121 | 0.00149 | 0.00364 | 0.01828 0.158
142.167 | 217.455 | 83.159 0.00369 | 0.00003 0.00157 | 0.00203 | 0.00471 | 0.01503 0.126
144.188 | 349.259 | 82.764 0.00544 | 0.00004 0.00211 | 0.00292 | 0.00632 | 0.02047 0.192
168.778 | 232.181 | 75.603 0.00718 | 0.00004 0.00284 | 0.00387 | 0.00853 | 0.03327 0.348
153.046 | 175.829 | 68.623 0.00742 | 0.00005 0.00364 | 0.00432 | 0.01092 | 0.05517 0.542

M1579 9 FI8e19783a Parkinson
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Height Lenght | Area Eccen P_ P_ Mean_TR | Black Black WB_ Outcome
black and pix and trans

5 7 35 1.4 0.4 0.657 2.33 14 23 6 1

6 7 42 1.167 0.429 0.881 3.6 18 37 5 1

6 18 108 3 0.287 0.741 4.43 31 80 7 1

5 7 35 1.4 0.371 0.743 4.33 13 26 3 1

6 3 18 0.5 0.5 0.944 2.25 9 17 4 1

5 8 40 1.6 0.55 1 2.44 22 40 9 1

6 4 24 0.667 0.417 0.708 2.5 10 17 4 1

5 6 30 1.2 0.333 0.333 10 10 10 1 1

5 5 25 1 0.4 0.52 10 10 13 1 1

5 7 35 1.4 0.486 0.914 8.5 17 32 2 1

5 2 10 0.4 0.8 1 8 8 10 1 1

5 3 15 0.6 0.533 0.733 8 8 11 1 1

5 6 30 1.2 0.433 0.733 13 13 22 1 1

5 7 35 1.4 0.429 0.857 5 15 30 3 1

6 7 42 1.167 0.405 0.881 4.25 17 37 4 1

5 8 40 1.6 0.375 0.475 15 15 19 1 1

6 7 42 1.167 0.405 0.952 4.25 17 40 4 1

5 19 95 3.8 0.232 0.4 5.5 22 38 4 1

5 5 25 1 0.4 0.56 5 10 14 2 1

4 6 24 1.5 0.417 0.5 10 10 12 1 1

M5 10 faee97aya Stamps

wma | age_y |wmiin |dwmge |pdx |dx0 |[dx1 [dx2 | epi_vaccine_name
(nn.) (wa.) (Faswiilasu)

0 5 18.00 89 43 44 45 46 7

0 1 9.80 80 55 43 65 58 2

0 1 9.80 80 55 43 65 58 1

0 4 16.60 133 55 81 43 58 3

0 4 16.60 133 55 81 43 58 4

0 2 9.80 79 55 84 43 58 2

0 2 9.80 79 55 84 43 58 1

1 2 10.00 80 55 21 43 58 2

1 2 10.00 80 55 21 43 58 1

0 1 13.00 83 55 33 43 58 2

0 1 13.00 83 55 33 43 58 1

1 4 23.80 104 55 3 43 58 3

1 4 23.80 104 55 3 43 58 4

1 4 15.10 98 55 32 43 58 3

1 4 15.10 98 55 32 43 58 4

1 4 13.70 101 55 33 43 58 3

1 4 13.70 101 55 33 43 58 4

0 2 11.00 81 55 21 32 58 2

0 2 11.00 81 55 21 32 58 1
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Resi free total
fixed | volatile | citric | dual Chlo sulfur sulfur Den Sul
acidity | acidity | acid | sugar | rides | dioxide | dioxide sity pH phates | alcohol | quality
7.4 0.7 0 1.9 0.076 | 11 34 0.9978 | 3.51 | 0.56 9.4 5
7.8 0.88 0 2.6 0.098 | 25 67 0.9968 | 3.2 0.68 9.8 5
7.8 0.76 0.04 2.3 0.092 | 15 54 0.997 3.26 | 0.65 9.8 5
11.2 0.28 0.56 1.9 0.075 | 17 60 0.998 3.16 | 0.58 9.8 6
7.4 0.7 0 1.9 0.076 | 11 34 0.9978 | 3.51 | 0.56 9.4 5
7.4 0.66 0 1.8 0.075 | 13 40 0.9978 | 3.51 | 0.56 9.4 5
7.9 0.6 0.06 1.6 0.069 | 15 59 0.9964 | 3.3 0.46 9.4 5
7.3 0.65 0 1.2 0.065 | 15 21 0.9946 | 3.39 | 0.47 10 7
7.8 0.58 0.02 |2 0.073 | 9 18 0.9968 | 3.36 | 0.57 9.5 7
7.5 0.5 0.36 6.1 0.071 | 17 102 0.9978 | 3.35 | 0.8 10.5 5
6.7 0.58 0.08 1.8 0.097 | 15 65 0.9959 | 3.28 | 0.54 9.2 5
7.5 0.5 0.36 6.1 0.071 | 17 102 0.9978 | 3.35 | 0.8 10.5 5
5.6 0.615 0 1.6 0.089 | 16 59 0.9943 | 3.58 | 0.52 9.9 5
7.8 0.61 0.29 1.6 0.114 | 9 29 0.9974 | 3.26 1.56 9.1 5
8.9 0.62 0.18 | 3.8 0.176 | 52 145 0.9986 | 3.16 | 0.88 9.2 5
8.9 0.62 0.19 | 3.9 0.17 51 148 0.9986 | 3.17 | 0.93 9.2 5
8.5 0.28 0.56 1.8 0.092 | 35 103 0.9969 | 3.3 0.75 10.5 7
8.1 0.56 0.28 1.7 0.368 | 16 56 0.9968 | 3.11 1.28 9.3 5
7.4 0.59 0.08 4.4 0.086 | 6 29 0.9974 | 3.38 | 0.5 9 4
M5 12 dleehitaya Wine
Sepal Sepal Petal Petal

Id LengthCm WidthCm LengthCm WidthCm Species
1 5.1 3.5 1.4 0.2 1
2 4.9 3 1.4 0.2 1
3 4.7 3.2 1.3 0.2 1
4 4.6 3.1 1.5 0.2 1
5 5 3.6 1.4 0.2 1
6 5.4 3.9 1.7 0.4 1
7 4.6 3.4 1.4 0.3 1
8 5 3.4 1.5 0.2 1
9 4.4 2.9 1.4 0.2 1
10 4.9 3.1 1.5 0.1 1
11 5.4 3.7 1.5 0.2 1
12 4.8 3.4 1.6 0.2 1
13 4.8 3 1.4 0.1 1
14 4.3 3 1.1 0.1 1
15 5.8 4 1.2 0.2 1
16 5.7 4.4 1.5 0.4 1
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17 5.4 3.9 1.3 0.4 1
18 5.1 3.5 1.4 0.3 1
19 5.7 3.8 1.7 0.3 1
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Dataset CWC. Stamps Arrh Pima Parkinson Average
(Outliers) (4%) (9.1%) (15%) (34.9%) (75.4%)

PMMS (proposed) 0.93 0.94 0.80 0.75 0.72 0.80
DOD+ 0.91 0.89 0.73 0.71 0.63 0.74
MOD+ 0.89 0.91 0.72 0.73 0.66 0.76
DOD 0.92 0.81 0.73 0.68 0.68 0.73
MOD 0.92 0.78 0.74 0.65 0.60 0.69
LOF - 0.53 0.73 0.60 0.56 0.61
ODIN - 0.58 0.70 0.56 0.45 0.57
NC - 0.50 0.60 0.52 0.46 0.52
KNN - 0.89 0.74 0.72 0.54 0.72
ABOD - 0.81 0.72 0.70 0.64 0.72
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Accuracy
Models CWC Wine Iris
(21 class) (6 class) (3 class)

K-Neighbors 0.11 0.44 0.94
Classifier

Random Forest 0.49 0.57 0.98
Classifier

Logistic Regression | 0.17 0.57 0.97
Perceptron 0.11 0.41 0.66
Decision Tree 0.45 0.46 0.95
Classifier

Gradient Boosting 0.53 0.56 0.96
Classifier

Bagging Classifier 0.49 0.54 0.96
AdaBoost Classifier | 0.31 0.53 0.96
GaussianNB 0.17 0.54 0.99
MLP Classifier 0.11 0.54 0.81
SvC 0.17 0.50 0.94
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Outlier Detection in Wellness Data using
Probabilistic Mapped Mean-Shift Algorithms

Siriwan Phongsasiri' and Suwanna Rasmequan®

ABSTRACT: In this paper, the Probabilistic Mapped Mean-Shift Algorithm is
proposed to detect anomalous data in public datasets and local hospital children’s
wellness clinic databases. The proposed framework consists of two main parts.
First, the Probabilistic Mapping step consists of k-NN instance acquisition, data
distribution calculation, and data point reposition. Truncated Gaussian Distribu-
tion (TGD) was used for controlling the boundary of the mapped points. Second,
the Outlier Detection step consists of outlier score calculation and outlier selection.
Experimental results show that the proposed algorithm outperformed the existing
algorithms with real-world benchmark datasets and a Children’s Wellness Clinic
dataset (CWD). Outlier detection accuracy obtained from the proposed algorithm
based on Wellness, Stamps, Arrhythinia, Pima, and Parkinson datasets was 93%,
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94%, 80%, 75%, and 72%, respectively.
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1. INTRODUCTION

Outlier detection was studied in order to enhance
the classification ratio of the future data points. In
general, an outlier detection problem refers to the dis-
tinction between faraway data points and common
data points. However, if two classes are located in
nearby areas and some parts of the first-class occur
in the boundary of the second class, this is called an
overlapping problem. In some cases, data points of
the overlapping classes are placed in the same posi-
tions, but their outliers are marked in the area of the
other class. Moreover, the Parkinson dataset contains
outliers of about 75%, so it is much more difficult to
identify the outlier positions in this dataset. Fig. 1
displays an examples of different characteristic out-
lier problems. In the example, there are two classes:
an outlier and a normal class. The common outlier
problem is illustrated in Fig. 1(a). Fig. 1(b) shows
the normal class is larger than the outlier class but
some parts of the outlier class occur at the boundary
of the normal class. In contrast, in Fig. 1(c), the size

of the outlier is larger than the normal class and they
overlap. Note that in this study the relative sizes of
different classes is not the main concern and has no
effect on the accuracy of detection.

(a) (b) ©

Fig.1: An example of outlier data (a) common out-
lier problem (b) normal class is larger than the outlier
class (c) the size of the outlier is larger than the nor-
mal class.

In Farag et al. [1][2][3], a novel data clustering
algorithm based on gravity centre methodology was
introduced. The strength of the gravity centre algo-
rithm is that it does not need to specify parameters.
But the disadvantage is that it cannot perform well

1.2The authors are with Faculty of Informatics Burapha University, Thailand., E-mail: 61910138Ggo.buu.ac.th and rasme-

qua@go.buu.ac.th

2Corresponding author: rasmequa@go.buu.ac.th

This work is funded by the faculty of Informatics, Burapha University, fiscal year 2019.



Outlier Detection in Wellness Data

with a very small volume of data. The results of
data clustering using Gravity Centre are compared
with 3 other methods: K-means, K-medians, and
K-medoids. The results indicate that Gravity Cen-
tre outperforms those techniques with the datasets
used which were NNDSS’s family, Health-infectious-
disease-2001-2014, Unplanned Hospital Visits — Hos-
pital, Diabetes, and Medicare National DMEPOS
HCPCS.

Xiaokang et al. [4], proposed a density-weighted
fuzzy outlier clustering approach for class imbal-
anced learning as a method for clustering fuzzy out-
lier clusters. This method considers the relationship
of new ambiguous neighborhoods with local density
data. When weighing the sample in the clustering
process, it is mixed with the fuzzy outlier group-
ing method. In this way, the most representative
samples are selected, while the anomalous samples
are eliminated. The accuracy of this method shows
a superior performance of 92% compared to other
cluster sampling models. This indicates that the
density-weighted fuzzy outlier grouping method can
be used with imbalanced problems in real life. Blood-
transfusion, Parkinson, Sick _numeric2, WDBC, and
Wine datasets were used in this paper.

In Jiang et al. [5], a local-gravitation-based
method for the detection of outliers and boundary
points is presented. In it, each data point is viewed
as an object with both mass and local resulting force
(LRF) generated by its neighbor. When the number
of neighbors increases, the LRF of outliers, boundary
points, and internal scores change at different rates.
The LRF rate of change of a lower density point has
a higher scores. That is, the rate of change of the
outlier is higher than that of the boundary and inter-
nal points. In other words, the highest-ranking score
can be identified as an outlier. Likewise, the higher
the rate of change of a point, the higher the LRF,
and the greater the chance of it being a boundary
point. The main advantage of the method is that
it is independent of K-value selection. This will re-
sult in improving detection efficiency. Heart disease,
Lymphography, Ionosphere, Breast cancer Wisconsin,
Blood transfusion service center, and SPECTF heart
datasets were used.

Aditya and Fitra [6] presented a method for Out-
lier Detection with a Supervised Learning Method.
In their work, several popular classification methods,
K-Nearest Neighbor, Centroid Classifier, and Naive
Bayes, were compared as tools to handle outlier de-
tection tasks. The results show that those methods
achieved 81% of average sensitivity. They report that
this is a reasonable starting value for future research
to further modify the said methods to improve their
performance. Elhossiny et al. [7] proposed using an
enhanced K-Means++ to handle missing data and
outliers. They worked on a diabetic classification sys-
tem. They are looking for features that are related to
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classifying people into two groups: a diabetes group
and a control group. The experimental result using
RMSE is 17%. Vowels, Thyroid, Vertebral, Wine,
Satellite, Breast cancer, and Ionosphere datasets were
used.

Diego et al. [8] proposed the DBSCAN technique
for large datasets. DBSCAN is a classic clustering
method for identifying heterogeneous and isolated
clusters with noise. There are a number of articles
addressing DBSCAN scalability issues. Despite the
scalability issues, the DBSCAN algorithm offers a re-
duction in execution time due to the reduction in
the number of data formats. They also proposed a
new heuristic called I-DBSCAN that can be modi-
fied and produced good results for the entire data set
without any additional parameters. Abalone (Scale),
Mushrooms, Pendigits, Letter, Cadata, Shuttle, Sen-
sorless (Scale), SensIT (acoustic), SensIT (seismic),
Skin-Nonskin and Poker datasets were used.

Pawet et al. [9] proposed the Fuzzy C-Means based
Isolation Forest for outlier detection. In their study,
they examined the feasibility of the proposed tech-
nique and analyzed it in detail for the different char-
acteristics of data. For example, they considered
database size, number of record attributes, and data
type. FCM allows membership grade of the gener-
ated Isolation Forest nodes to the cluster based on
these nodes to be generated. Therefore, this can lead
to a fault score for a given element that may belong
to a group of similar elements. To overcome this
issue, a separate set of forest enrichment methods
based on Fuzzy C-Means is proposed. The experi-
mental results performed using 27 datasets indicated
that FCM can play a key role in improving forest iso-
lation approaches and increase the value of specific
measures on the effectiveness of anomaly detection
methods. Annthyroid, Arrhythmia, Breastw, Car-
dio, Cover, Glass, Ionosphere, Letter, Lympho, Mam-
mography, Mnist, Musk, Optdigits, Pendigits, Pima,
Satellite, Satimage-2, Shuttle, Speech, Thyroid, Ver-
tebral, Vowels, Wine, Nad, and unsw0 datasets were
used.

Pawet et al. [10] proposed a K-Means-based iso-
lation forest to detect outliers. The K-Means-based
Isolation Forest approach allows the creation of search
maps. By employing many branches, as opposed to
only two as considered in the traditional method, the
k-mean grouping is used to estimate the number of
divisions on each decision tree node. The proposed
method is effective for information coming from dif-
ferent application areas including inter-model trans-
port and spatial data. The advantage of this method
is that information can be entered in the process of
creating a decision tree. Moreover, it returns a more
interesting anomaly score. Artificial sets, NYC Taxi,
NYC Taxi (geographical positions), Ship transport,
Ship transport, Train transport, Train transport, and
Train transport datasets were used.
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Patel and Kushwaha [11] reported in “Clustering
Cloud Workloads: K-Means vs Gaussian Mixture
Model” that classification using GMM will enable dis-
covering complex patterns and grouping them into co-
hesive, homogeneous components that are close rep-
resentatives of real patterns within the dataset. In
other words, it enables high cohesion among mem-
bers of the same classes. That is, the dependency
between the members is high. This can imply that it
provides low coupling among different classes or the
dependency between the classes is low.

In Yang et. al. [12], a mean-shift outlier detection
and filtering technique is proposed to remove the bias
caused from a large number of outliers before cluster-
ing without the need to know the number of outliers
in advance. This method can also be applied with
both numeric and string data. The experimental re-
sult of this method for the filtering task outperforms
five other existing outlier removal methods: LOF,
ODIN, NC, IFOREST and ABOD. This method also
outperforms a number of the existing outlier detec-
tion methods: LOF, NC, KNN, ODIN, MCD, IFOR-
EST, OCSVM, PCAD, and ABOD. This paper used
Generated data, KDD-Cup99, Stamps, PageBlocks,
Pima, Arrhythmia, and Parkinson datasets in the ex-
periments.

In this work, the Probabilistic Mapped Mean-Shift
Algorithm is proposed to detect outliers in public and
children’s wellness datasets. This method is based
on its strong point that there is no need to know
the number of outliers in advance. The difference
from the classic mean-shift technique is the disper-
sion of the target position of the mapping depending
on the joint probability density function of the map-
ping function. Unlike the mapping function proposed
in [12], our proposed function will map the outliers
to the proper point inside the boundary of each class.
The mapped position is calculated using a Truncated
Gaussian kernel. In other words, each outlier point
has been mapped to a new position based on its prob-
ability value during the mapping process.

2. PROBLEM ANALYSIS

The framework proposed in this study is based on
the conditions illustrated in Fig 1 (b) and (c). Given
binary classes, outlier and normal points are occa-
sionary placed in the same positions. We assume that
the outlier class may overlap the normal class. There
is no constraint imposed on the number of elements
between the outlier class (n,) and the normal class
(ny). This means that both n, > n, and n, > n,
can be cases in this study. The only condition is the
range of the output area of the mapping function.
The mapping function proposed in [12] tried to map
all outlier points into the mean or median point of
each cluster as shown in Fig 2(a). In other words,
this function will place all outlier points at the center
of each cluster. This causes miss-classification in the
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testing step. Hence, the outlier detection framework
proposed in this study focuses on the following issues:
1. How to increase the distribution of the range
from the mapping function?
2. How to increase the coverage area of the
mapped points obtained in issue 1, as shown
in Fig. 2(b)?

Fig.2:  Mapping functions: (a) Mean Shift Al-
gorithm, (b) Probabilistic Mapped Mean-Shift Algo-
rithmn.

In general, the mean shift algorithm will translate
all outlier data points of each cluster to new positions
as shown in Fig. 2(a). But in some scenarios, more
distribution and more coverage are needed as shown
in Fig. 2(b).

3. BACKGROUND
3.1 Mean-Shift Algorithm

The Mean Shift algorithm is a non-parametric
clustering algorithm for finding high-density areas (a
density function) of the input feature space. It is
sometimes called the mode-seeking algorithm. The
Mean Shift technique does not need to know the
number of clusters in advance. In addition, it is not
limited by the shape of the cluster. The algorithm is
an iterative procedure. It will repeat until it reaches
the optimal area having maxima mode. This algo-
rithm consists of two main steps as follows:

step 1: Compute the mean shift vector: m(X")
step 2: Translate the input X’ to a new position:
XL = X"+ m(X")

map

3.2 Probabilistic Mapped Model

A probabilistic decision model is a decision method
for predicting future events based on probability the-
ory. In contrast, a deterministic decision determines
an exact circumstance. The probabilistic mapped
model is a mapping function for predicting a new po-
sition (Range) of input data (Domain) based on the
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its properties. Generally, probabilistic mapped meth-
ods will work better than deterministic models. This
is because the probabilistic method uses all proper-
ties or information contained in the input data. The
combination of the probabilistic model with the mean
shift method, which is an iterative mapping proce-
dure, help improve the mapping process. That is,
a better coverage area for each individual cluster is
reached. Hence, outlier prediction accuracy will be
higher. This is because the mapping of input data
points from the current position is assigned to a new
proper area within its class.

4. THE PROPOSED METHOD

In this work, the anomalous data, or outliers, in
the large public benchmarks and Children’s Wellness
Clinic dataset were detected using our Probabilis-
tic Mapped Mean-Shift Algorithm. The proposed
method is based on the Mean Shift technique pro-
posed by Yang et. al. [12] as mentioned in Section
1. The proposed framework is divided into two main
sections. Section I: Probabilistic Mapping, consists
of k-NN instance acquisition, data distribution cal-
culation, and data point reposition. Section II: Out-
lier Detection, consists of outlier score calculation and
outlier selection. A brief description of the proposed
method is shown in Fig. 3.

I3 k-Nearest Neighbors Acquisition

§ 4f e tee
7 Neighbor’s Distribution Calculation S

g Data Point Reposition

|

Outlier Score Calculation

Outliar Datestion

Outlier Selection

Fig.3: The proposed framework.

4.1 Probabilistic Mapping

In this section, mapping the input instance into a
new location depends on its probalistic value is de-
scribed. This procedure consists of three steps. In
Step 1, the finding of k-nearest neighbors of each in-
stance is carried out. In Step 2, the calculation of
local Gaussian distribution is performed. In Step 3,
the repositioning of the instance is achieved.

1.1.1 k-NN Acquisition

To calculate the local Gaussian distribution
around the instance, a set of the nearest points is
acquired by the k-nearest neighbor algorithm. The
steps of k-NN can be described as follows:

step 1: Set value for k, kel ™

step 2: For each point in the data do the
following

— 2.1 Calculate the distance between data point
and each row of the dataset.

— 2.2 Sort the data in ascending order based on
the distance value.

—» 2.3 Select top k data point for the nearest
group.

step 3: Repeat these steps until reaching the end
of the dataset.

4.1.2 Neighbour’s Distribution Calculation

After the data has been separated into groups by k-
NN, each group of data is used to calculate local data
distribution. To compute local probabilistic distri-
bution, the Truncated Gaussian Distribution (TGD)
model was applied. TGD can be described with Eq.
(1).

B i

(z;p,0,a,b) = %ﬁ

(t2) - (=22)

Let X be a normal distribution with mean g and

variance o2, within the interval (a,b). Then X con-

ditional on @ < = < b has a Truncated Gaussian
Distribution.

1 L
=—0¢ = 2
86 - o= o (-3¢) @
¢ is the probability density function of the stan-
dard Gaussian Distribution.

Sl %(1 +erf(z/V3)) 3)

@ is its cumulative distribution function

The steps of TGD mapping 4 can be described as
follows:

step 1: Calculate the lower boundary a and upper
boundary b of probability in each k-NN set.

step 2: Calculate the Mean p and standard devi-
ation o of each k-NN set.

step 3: Calculate distribution probability using
Eq. (2).

step 4: Repeat until all k-NN sets have been pro-
cessed as shown in Fig. 4.

14t hecation 2nd eration 3ad iteration

@&,

{a ®) [C]

Fig.4: Mapped data points using Probabilistic
Mapped Mean-Shift Algorithms.
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413

To shift the data points to their new positions
as shown in Fig. 5 for Synthetic data and Fig. 6
for Parkingson data, the highest probability value is
selected to assign each new position. In Truncated
Gaussian Repositioning there are three main steps:

Repositioning Data Points

step 1: Select the initial point from the k-NN
set.

step 2: Repeat until converged:

— 2.1 For each point, find weights encoding the
probability of membership in each cluster

— 2.2 For each cluster, update its location, nor-
malization, and shape based on all data
points, making use of the weights.

step 3: Select the highest probability weight.

Fig.5: Visualization of the Mapped points of each
cluster in synthetic data. Blue points are original
points and Red points are mapped points.

Fig.6: Visualization of the Mapped points of each
cluster in benchmark Parkinson data. Blue points are
original points and Red points are mapped points.
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In Fig. 7, 3D space mapped points of Parkinson
data are illustrated and the results show that the data
was mapped into the new areas with the highest prob-
ability. This will increase the cohesion and uniformity
between class members for each class as shown in Fig.
8.

pi orlginal data
\

distance

Fig.7:  Visualization in 3D space of the Mapped
points of each cluster in benchmark Parkinson data.
Blue points are original points and Red points are
mapped points.

Fig.8: Resulting Denser Area after Mapping.

The result shows that the normal data (Blue ver-
tices) was mapped into the denser area (Red vertices).
The distribution of each class was normality tested
using Shapiro-Wilk test [13]. The result shows the
mapped data gained higher normality rates as shown
in Eq. (4).

(o
Yz —z)?
Let z(;) be the i'" order statistic, such as, the i'"-

smallest number in the sample. The coefficients a;
are given by Eq.(5).

(4)

mTy—1
C

(a1,...,an) =
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Where C' is the normalized vector given in Eq.(6).

C =/(mTV-V=1m),m € (my,...,m,)" (6

4.2 Outlier Detection

In this section, to detect outliers among normal
data, two steps are used. In Step 1, the outlier score
is calculated. In Step 2, an outlier selection is per-
formed.

4.2.1 Outlier Score Calculation

By using the local distribution of its k-NN, the
current object was forcibly repositioned to the denser
mean probability area. The length of the object’s
movement was computed as a piece of outlier ev-
idence. To calculate the outlier score, instead of
depending on only clustering or classification tech-
niques, the distance between mapped instances and
original data was used. The farther an instance was
moved, the stronger the outlier score obtained. The
distance between the objects can be calculated with

Eq. (7).

dn
d(Xi, Xonap()) = Zi_l |Xi — Xonapy]  (7)

Let d(X;, X,ap(i)) be the distance between the orig-
inal data and the mapped instance. X; is data from
the original set and X,,,,(;)is data from the mapped
instance.

The mapped data contains more information from
the data. In the case of a large number of outliers
among the normal class, for more robustness, the vari-
ant of the distance set is used as an extended refer-
ence set for outlier score calculation. Thus, the outlier
score can be computed by Eq.(8).

. n Xz . 2
S= Zi_l |X:' . X"Lup(i)| - Z(—I‘) (8)

n—1

Let S be an outlier score. X is data from the original
set and X,,,,;) is data from the mapped instance. p
is the mean of the k-NN sets. The score is used in the
outlier selection step. The steps for score calculation
are:
step 1: Find the k-nearest neighbor for each
instance for local variant calculation.
step 2: Compute the outlier score using Eq. (8)
step 3: Repeat until reaching the end of the
dataset.

The distance between mapped points and original
data points as depicted in Fig. 9 was used in outlier
score calculation. Then, those scores were used in the
outlier selection step.
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Original

°
® Mapped
®
[ ]
Fig.9:  FEzample of distance acquisition between
mapped data and original data.
The scores from benchmark datasets, Stamp (Fig.

10 (a)), Pima (Fig.10 (b)), Arrh (Fig.10 (c)), and
Parkinson (Fig.10 (d)) are illustrated in Fig. 10.

@ - (b)

Fig.10: Visualization of outlier score calculation.

4.2.2 Outlier Selection

To select outliers from the entire dataset, Yang et.
al. [12] proposed a procedure to designate the Top-N
outlier score. The number of chosen points can be
determined using Eq. (9).

1
2
Top,, is the number of Top-N outlier scores. Ry,
is an outlier ratio or percentage of the datasets.
N is the number of entire instances. For exam-
ple, the Parkinson dataset contains 75.4% outliers.
The Top-N of Parkinson dataset can be calculated by
1(0.75)(195) ~ 73 points as shown in Table 1.

Topa— [ (lamN)J Topel*  (9)

Table 1: Top-N Selection Results.

Dataset Instances Top-N
CWC 2533 50
Stamps 340 19
Arrhythmia 450 36
Pima 768 138
Parkinson 195 73
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In Fig.11, Parkinson outlier Scores are shown. The
red dots and blue dots are likely outliers and normal
data respectively. In this step, the calculated out-
lier scores without sorting are shown in Fig. 11 (a).
In order to select outlier candidates with the Top-N
approach, the outlier scores must be sorted in de-
scending order as shown in Fig. 11 (b). The outlier
selection steps are:
step 1: Calculate Top-N for selecting outlier can-
didates using Eq. (9)
step 2: Sort the data points with outlier scores
in descending order as shown in Fig.11
(b)
step 3: Select the first Top-N data points (from
step 1) for outlier candidate selection.

Outlier Score Sorted Outlier Scores

Too-N Selection

(a) (b)

Fig.11: Visualization of Parkinson Qutlier Scores.

The procedure of the Probabilistic Mapped Mean-
Shift Outlier Detection (PMMS) process is sum-
marised in Algorithm 1.

Algorithm 1 Probabilistic-Mapping Mean-Shift (PMAMS(X. k1]

Tnput: Ditaset X, Nearost Neighbor £, leration 1
Output: Mapped Dataset Xmap, Outlicr Score §
1: REPEAT i TTMES:

FOR X, ¢ X:

Ky ¢ ENN(X,), K € X Find k-nearest neighbors ¢

COMPUTE the probabilistic distribution of K,
ac ¢~ COMPUTE lower boundary of K,
b, ¢ COMPUTE upper boundary of K,
. ¢~ COMPUTE Standard Deviation of Ko
st ¢ COMPUTE Mean of Ko
COMPUTE Truncated Gaussian Distribution
FOR K, € K-

11 Pulky; po, 0,0, b) — =

Can € X Find k-nearest neighbors of X,

ol + BEEE Xouapi) € Xnaps Xu € X

5. EXPERIMENTAL RESULTS AND DIS-
CUSSION

In this section, the dataset used in this experiment
and a performance evaluation of the proposed meth-
ods are described.

5.1 Dataset

The proposed approach was tested on four public
benchmark datasets and a real-world children’s well-
ness clinic dataset.

5.1.1 Public Datasets

The proposed method was tested against the pub-
lic datasets Stamp, Arrhythmia, Pima, and Parkin-
son as performed in Yang et. al. [12]. Those public
datasets (Stamps, Arrh, Pima, and Parkinson) have
outlier ratios of 9.1%, 15%, 34.9%, and 75.4%, respec-
tively as shown in Table 2. The detection accuracy,
as shown in Table 3, obtained from the existing meth-
ods is 89%, 73%, T74%, and 68%, respectively. These
accuracy rates left room for improvement.

5.1.2 Children’s Wellness Clinic dataset (CWC)

The real-world dataset was provided from Chil-
dren’s Wellness Clinic of Burapha University Hospi-
tal. It consists of 2533 instances with 9 dimensions.
The outliers were labelled as 4% of entire dataset.

Table 2: Benchmark and Real World dataset de-
scription.

Dataset Instances Dimension Outlier(%)
CWC 2533 9 4
Stamps 340 9 9.10
Arrhythmia 450 259 15.8
Pima 768 8 34.9
Parkinson 195 22 75.4

5.2 Experimental Results

The experimental results revealed in Table 3 indi-
cate that these results address the first research issue
concerning how the large dataset effects detection of
outliers. For the second issue, the experimental re-
sults show that adding additional parameters helps
improve the detection performance. That is, the pro-
posed method with adjusted parameters outperforms
the existing methods. In the performance evaluation,
the accuracy is obtained with the confusion matrix
measurement in Eq. (10).

TP

A= 5 T

(10)

Let TP be the number of True positive cases (num-
ber of outliers were selected in Top-N method). F 7
is the number of False Negative cases (number of nor-
mal points were selected in Top-N method). The re-
sult shows the proposed method obtained 0.94, 0.80,
0.75, 0.72 accuracies in benchmark datasets, consists
of Stamps, Arrhythmia, Pima, and Parkinson, respec-
tively as shown in Table 3 and Fig. 12.
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Table 3: BResults of the proposed method com-

pared with the existing methods for detecting anoma-
lous data.
owe. Average
Dataset (4%) Stamps Arh  Pima  Parkinson
({Outliers) (91%)  (15%)  (34.9%)  (75.4%)
PMMS
(proposed)  0.93  0.94  0.80  0.75 0.72 0.80
DOD 091 089 073 071 0.63 0.74
MOD+ 0.8 091 072 073 0.66 0.76
DOD 092 081 073 068 0.68 0.73
MOD 092 078 074 065 0.60 0.69
LOF - 053 073 060 0.56 0.61
ODIN = 058 070 056 045 0.57
NC - 050 060 052 046 0.52
KNN 2 08 074 072 0.51 0.72
ABOD . 081 072 070 0.64 0.72

Pertoruace Capackins

—— Anh 1194 Pute (149%! )
—PMMS —DOD# —MOD+ —DOD —MOD —LOF =-0DIN —NC —KNN —AROD

Fig.12: Performance Comparation.

Likewise, the proposed method also outperforms
the existing methods for the real world dataset Chil-
dren’s Wellness Clinic with an accuracy rate of 0.93.
However, the proposed method needs to be improved
further to reach higher accuracy in large datasets and
datasets containing a large amount of outlier data.

5.3 Discussion

Although the proposed method outperforms the
others (see Table 3), the accuracy is inverse to the
outlier percentage as shown in Fig. 13. In the other
words, the accuracy of the proposed approach tends
to be lower in cases with a larger percentage of out-
liers. For the Parkinson dataset, which contains 75%
outliers, the proposed approach obtains the lowest ac-
curacy rate. To eliminate this weakness, an improved
probability model and better outlier selection meth-
ods need to be found.

Performance

/ \Oulliers

Stamps(9.1%) Arh. (15%) Pimma (34.9%) Parkinson (75.4%)

—PMMS —Outliers

Fig.13: Relationship between proposed method and
percentage of outliers.

In addition, not only the datasets having high per-
centages of outliers decrease the accuracy, but the
datasets having imbalanced class members do also.
The latter case is shown in Fig. 14. Thus, in the
future work, the detection of outliers for imbalanced
classes will be pursued.

Outlier

Normal

Fig.14: Visualization of fully overlapped problem.

6. CONCLUSION

To enhance machine-learning or data-mining algo-
rithms such as classification and clustering, outlier
data must be eliminated. In this research, the Prob-
abilistic Mapped Mean-Shift Algorithm is proposed
to detect and filter outlier data in public benchmark
and local hospital children’s wellness clinic datasets.
The experiment results indicated that the proposed
method can address the first research issue by increas-
ing the distribution of the range. The results also
demonstrated that the proposed method can address
the second issue by increasing the coverage area of
the mapped points obtained in issue 1, so that each
group of mapped points has its own normality. The
normality of shifted instances was evaluated using the
Shapiro-Wilk test. The test result demonstrated that
the normality rate is increased. However, the distri-
bution and the coverage still need to be improved fur-
ther. In addition a wider variety of datasets should
be used to test our method.
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The proposed approach consists of two main
phases: Phase I, Probabilistic Mapping, including
k-NN instance acquisition, data distribution calcu-
lation, and data point reposition, and Phase II: Out-
lier Detection, including outlier score calculation, and
outlier selection. The proposed approach was tested
on benchmark datasets including Stamps, Arrhyth-
mia, Pima, and Parkinson datasets, and also on
a local hospital Children’s Wellness Clinic (CWC)
dataset. Experimental results indicated that the pro-
posed algorithm achieves higher accuracy than the
existing algorithms. The accuracy achieved by the
proposed method is 94%, 80%, 75%, 72%, and 93%
respectively. In future work, datasets with fully over-
lapped and imbalanced classes, as shown in Fig. 14,
will be taken into consideration.
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