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Benign Paroxysmal Positioning Vertigo (BPPV) is one of the causes of vertigo which
has an extreme effect on the daily lives of patients. the different types of BPPV are also treated
differently. For example, physicians differentiate between BPPV types using nystagmus
characteristics. However, some patients have an unclear nystagmus, so their treatments are
delayed due to the difficulty of establishing a diagnosis. The Dizziness Handicap Inventory (DHI) is
a tool used to assess the severity of dizziness before a patient is diagnosed by a physician. The
use of DHI can distinguish BPPV types which can help physicians to decide which treatments
would be the most beneficial for the patients. This research aims to study the ability to use DHI
for differential diagnoses of the posterior canal - Benign Paroxysmal Positioning Vertigo (PC-BPPV)
and horizontal canal - Benign Paroxysmal Positioning Vertigo (HC-BPPV) via machine leaming
techniques. The Random Forest, Support vector machine, K-Nearest Neighbor, and Naive Bayes
were used to develop predictive models for DHI features that had statistical significance. Then,
the Chi-square, Recursive feature elimination, and Principal component analysis were used to
improve the performance of the models. Furthermore, accuracy, precision, recall, and Fl-scores
were used to evaluate the performance of each model. It revealed that the features F7_E23, E15,
E23, F7, P8, and F24 were the top six important features. The model using the Gaussian Naive
Bayes was the best model for discriminating between HC-BPPV and PC-BPPV with 67.51%
accuracy, 67.20% precision, 65.97% recall, and 65.95% Fl-score. In conclusion, the
models created from the DHI score can predict BPPV types at a certain level which can be used
for initial diagnosis, but are not accurate enough for medical treatment. Physicians must use
the medical history of the patient and nystagmus observation in order to make a diagnosis. In the
future, if more data or features can be collected, it may reduce the overfitting problem and lead

to a better performance model.
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1.5 N3DULUIAALUIIUIVY

nuITelAnvInnssuunlsn Benign Paroxysmal Positioning Vertigo (BPPV) Luu
Posterior canal - Benign Paroxysmal Positioning Vertigo (PC-BPPV) W & ¢ Horizontal
canal - Benign Paroxysmal Positioning Vertigo (HC-BPPV) lagld Machine leaming WD
iwsesilodmivairauvudiasdlumsidadeduunlsn doyaliidunuunaasy Diziness
Handicap Inventory (DHI) @1915U U5z I UNan T8 UU9IN1538UATYERan1TA1LY
TinUsea1iu Usenaumeanniy 3 a1 As 1) Aue1sual 311U 9 99 2) AUn1SAABINS
$1u9u 7 90 uaz 3) dumnuansolumslddin s1uau 9 o saudldanutanun 25 e
Tnedeyaazguiulusuuuy DataFrame 1niu3sld Machine learning sifuirdaaiiodas
aSuuusasiiorunesuunaiiavedlse BPPV Jadeudieniulusunsy Python Tngld
WATANITIANISHLERS 2 WU Ap NsAREeNTLaes (Feature Selection) way n1safnlaes

(Feature Extraction) wagldmaiim Random forest, K-Nearest Neighbors, Naive Bayes

way Support vector machine Tun1suAdegn1Uszian Classification n15U3LaU



Uszansanazlamn Precision, Accuracy, Recall Wag Fl-score LialUSguiiguanuaunsa
Tun153 1 UNTSAVDILAALLUUIIABINAS19INDANDIFUNANUY LNDNIKWUUINADIN

Uszaninmlunsinuegeiign

1.6 auyAgulun1side

1.6.1 wuudnaeeasnewniedanesod Random Forest 1UsednSnnangn

1.6.2 Wiaes F7_E23 vilnuszdnsnmassnisviiunelegldiluudiasnivy

ANINNNsAsaUUINaRINlUTiTuneu Feature Selection
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Tunsifeaded fAfldAnvionmauareAfofiieatos warldinauonuhderelud
1. TsadeuRsweuasdoui (Benign Paroxysmal Positioning Vertigo: BPPV)

WUUUTELIUDINTINIBUATYE (Dizziness Handicap Inventory: DHI)

waliAns5euiueaeios (Machine Learning)

danessuilflumaiinnsSeuivendos

nswladeyad mSunAaeULUUINREY

n3AnLERNTILIBS (Feature Selection)

n5anaaes (Feature Extraction)

©® N o R WD

ITYMNEIVDY

2.1 lsadeufsezvnaeusin (Benign Paroxysmal Positioning Vertigo: BPPV)

15 8PPV Wunilduavgudnvesthofiumuummdseeinisioufse: lnslsa
BPPV A9 inaznaufiuyu (otolith) fngiuduusuagd Utricle vinmmdulu ngasona
naziAAouflUSsUTIn semicircular canal FadudruniduyivihmiiRfunismssi
waziilefUrsiinisindoulnisianie azneufiuyudiuingaoglu semicrcular canal ay
wasud Vinlivennaiduladuil (endolymph) lu semicircular canal 1Ann1siAdawlng
waznseauliUlsiiennisioudsuele

d7u Semicircular canal 114‘1{]68’514114 Usznoaunieyie 3 %u A8 anterior (superior)
canal, posterior canal uaz lateral (horizontal) canal mun wUszneu 1 Javhlvnznau
fuyuiivgnain Utricle Slenaitazluassoglu Semicircular canal 1 3 7 3avinlir 8PPV 4
3 gindaefuiuegfudunisiingnoufiuyuluassoy Ao Posterior canal - Benign
Paroxysmal Positioning Vertigo (PC-BPPV), Horizontal canal - Benign Paroxysmal
Positioning Vertigo (HC-BPPV) W @ ¢ Anterior canal - Benign Paroxysmal Positioning
Vertigo (AC-BPPV) lag AC-BPPV nutlaeunn UssanaSesay 2.2 veUe BPPV [3]

BPPV LHulsaianansavnetesldusinlalésunissnu Tas HC-BPPV agmeteaniely
16+19 Yu uaz PC-BPPV azmgnelu 3947 fu [4] wiiflesaine1nsidouiadudsi
sumusieTinussdriuveadilennn dfumniinsidadousdldsunmssnufignieattasdag

Tigtheanunsameainise BPPV Ihi§78:0u unndonafinnsanlieniietisansinisieui



“3001n15910LA899U UAn1sTnwInddssdnsaniigadiniulsa BPPV Aansvin
neamU1da Fenrsviinieaindidalunisinuilsa BPPV fignjavaneiivelingnauiuyu

A .. [ oA o A a I = o D% 174
\AABUDBNINAN semicircular canal Funtsisnsiunnenauiuyungalueg Favinlvidesly

&l

a !

ninslunisnrgantidanieiuaae PC-BPPV @a1u1s5asnu1a1835M38n31 Epley’s
maneuver Tuangfl HC-BPPV $nw161838n15 Vannucchi’s forced prolonged position [5]

v & = v = aa o d{' o a P 14 Y % a &£
FatuIRINTIRad eI UNIRAYaY BPPV lielin1ssnwnsiasigeiu

osseous labyrinth
(otic capsule)

semicircular canals:
anterior (superior) canal

utricle posterior canal

endolymphatic sac
ampullae

AMUsENaY 1 uansdiulssnauveatuly

11 : S. K. A J. A Lomne S. Parnes, “Diagnosis and management of benign

paroxysmal positional vertigo (BPPV),” CMAJ, L 169, %17, pp. 681-693, 2003.

2.2 wuUUTEiueIN15398UATHY (Dizziness Handicap Inventory: DHI)
wuuUseiiue1nsiedeufisue (Dizziness Handicap Inventory: DHI) Wuiedesiied
PrelumsusziiiusziunnuguusweieInslsufsuefisuniutinuse s iuvesioe
wuunageuUsEnoUMeAInl 25 4o wusesndu 3 siu loun 1) matuusediusiuenis 7
U9 2) AMnuUsziliusuesual 9 99 wag 3) Aaudsziliuanuaiuisalunisly
FAnUszsrTu 9 3o mmouulseenidiu 3 sedu Ao flensues 9 (@ Azuuw) Wuueeds @

ArLUY) wazliinnnis (0 AzLLL) ARSI 1



A1979 1 WuUUseue1nsiaeuAsey (Dizziness Handicap Inventory)
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FIVUAIANUDNTIU U ULABS UdIEssA U
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NSOIUNUIFD LONAITHNNY
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MUY TV AR U Y URIUINTY
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Jan 21N15 971548 LazANNAINITAIUNNSIYTIN vaeq (4) | viease2) | s (0)

E15 NTNFULBINITIBUIN FUTINGIINAUDUDIIL
yasdudunudnvsefnale

F16 91NINSNBUIBUI Y lrdugInauInNagLau
meauadlaglifisaunsaitieg

P17 na1NduulUAIUNIIN Juazdiannisieuiiuin
Ju

F18 1IN uINaW Y lidusdnenduiniiaed
ausandenuedla 9 e

F19 o1MsAeud ylauldausauluvinunanen
fine) leudegluunadunny

E20 | enmsiieuiiiiduey dwalidundifiazegiiu
= o % =
WESANIA LA

F21 NNFULBINITIYUI ﬁﬁiﬁﬁuiﬁﬂmﬁaudﬁmﬂu
AURNNS Fenuedliresle

E22 | ewnnsieusi vhbviduidanieSen inseinduiusnn
TuAspUATINIBNULNBUIL LEA

E23 mmiﬁﬁuﬁfsﬁtﬁuag inlvausanuayla duai

Fo4 mmiﬁﬂuﬁaﬁﬁfmﬂuagﬁuiumumiﬁwmﬂm
$I09UUTEINVDIY

P25 SN LAY lauToIN1SRgURILINTY

2.3 wmallAN13138u3vaAIas (Machine learning)

wAlAN3ISeuIYeLATE (Machine learning) A MsiSeuivasnauineslngenfe

v d' ° A v a Y a = o d' '
EUEJQ;IJa LwaimUﬂqimquqﬁJ Mi@%?ﬂIUﬂqimﬂﬁuﬁlﬂlﬂ Lmﬂu@ﬂqilﬁﬂugsﬂaqLﬂi@\‘iaqm"lﬁﬂLLUQ

Uszanla 3 Uszunn e

1. mslBguiiuuiiaeu (Supervised learning)

watan1siseuiveunseslsziani Jeyanldlunisiseus (training data)

v

YDIPBUTNUNDTILTFYNASNS (target value) NApansli Tnspauituneiagiseuinnuduius
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o ~ o . Y o e % ! Y Ao A o
voutayandouidn (input) Aunaanseanun (outcome) 3nTayanountng el
asaviunevsedndulale
Yay91ld Supervised machine learning ansauwuslandu 2 wuude
1.1 Yy udennney (Regression) Wulgymifidesnisnaanseonundua
FLa
1.2 Jawdmuauseian (Classification) ulamfisesnisuadnsaanu
I 1 | [
WunqunInlistanuasvoya
2. mssguiuuuliiaeu (Unsupervised learning)
o v 1Y) a o a v a % = = o a s
nsafiuthuiunsiseusuuulidaey Ae Jeyanldlumsiteuivesneuiiames
wlufinsszynaansiseanishi  Tegrauiiawesaveudiiednngudeyanaaandivie

anwazTInNzvestayanadeiuliediieiu warasisweuwaLiaT L unYayamatY

3. MISPUIWULLESUINGS (Reinforcement leamning)

v 'y} a v Ay = vy av i o
ameiunsiseuiiuuliiidaey fie dgldtoyanlaiinisszunadnslunis

'
S o A a

SeuivesnaNiines wadwsisiuae TumsiteuivesnauiiuneiazliasiuudiinieItes

TngdrAnainluaaunisaiiuasdesyheglsiielansuuy visonadnsgeian wu n1s

AwufiamenIsiuingn Wusu

2.4 Fane3suiildlumeaiiansSeuivosados
é’aﬂ@%ﬁuﬁiﬂmmﬁﬂmsﬁauiﬁuaqLf-ﬁf@q flunnune Tufidvenanis Naive Bayes,
Support Vector Machine, K-Nearest Neighbors, Decision Tree lag Random Forest
2.4.1 Naive Bayes
Naive Bayes 1Judanessudwmsulamida Classification Ingldainuiiag

HufiiFenin conditional probability A
P(ANB)
hi P(A|B) A® conditional probability %38 AuUaziduwes
wansal A leliamanisel B ui
P(ANB) #e @ joint probability wieArananiazidud
wnn 90l A uazign1zal B ifndusauiy
P(B) fio anhazidufiaziAnmanisal B

Feavusspennuazla
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P(BlA) = 57 @

4 o I Y %  ~ | = o %
ilethviaaesaumsunsniuazldaun1snisenii Bayes theorem gatiluly
lupsaiivuiaesiioiuedeyasela

P(B|A) P(4)

P(A|B) = )

(3)
ot sl Naive Bayeslulaymids Classification Tun1ssuunussunm
Uoya Ay Bayes theorem aelgsed
i1 P(A1|B) > P(A,|B) wé Toyavzgnimdudszinn Ay
i P(441|B) < P(A,|B) ué deyavzgninduiszian 4,

ToRveensil Naive Bayes Tunisuifeymida Classification Ao tJu

v Y [

danessuivingiuteyarnman wavaiunsadanisiuteyanivateysainvlunmsduunle

Y

<,

] Yo ax o v o a % =~ Yo v A o =
win1slddanesBuildndudesdawioudeya Weswnagldldiudeyaimduiiay uasydu
Wiy

2.4.2  Support Vector Machine (SVM)

Support Vector Machine (SVM) 1ludane3sufildlusu Machine Learning
dusulung Classification wag Regression lagilndnnishe n1sasadu (Hyperplane)
dmiuulateyaiinsyangeguu feature space @8nANMU WazdnAuARgveItoyanIY

5 ¢ & ] Y 1 Aaa v
imasiuailaidu (Kermel Function) lagagsasidunsanananlunisuusioya lneganssey
(margin) MnidukUtlugayailndige iduuudlaiissezaniian (Maximum margin) g
Dudunusianunsauvsloyaldffian Asnmuszneu 2 dudmsunusioyaanunsafuan
laanaunis (4)

f(x)=wx+b (4)

wasiuailantundeuldd 3 vile lown
- Polynomial
- Radial Basis Function (RBF)
- Sigmoid
Y Yo ace 1% a . . A a
VoRueInslsanaion SYM TunisuAtlynide Classification Ao &
JoRananuey lldsamsnensrauiimes wazdiesani1swlana wifaaseanseIanisusu

W5nes wazdenyianefiuailndulvivingauiudeyaniinld
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I
I
I I _
+ o+ ! II
I & -
++§|-5 i -
+ o+ +! i o=
~-d__ =
e
[ I
[

|
AMNUsENOU 2 Laninsiiangudayauszianuiniasay slgldulUsiiissezannian

(maximum margin)

U1 : Bottou L, Lin CJ. Support vector machine solvers. Large scale kernel

machines. 2007;3(1):301-20.
2.4.3 K-Nearest Neighbors (KNN)
K-Nearest Neighbors tJugane3sudildlunissuunvszinnvesioya lag
Wiguieudeyalmifudeyaids (neighbors) MlndlAgsiudeyadiuiu K d1 Ussinnlauin

= [ v & a s v A [ ! A
ign fanmusenau 3 fau mdiwesuanildlunisusuen e
- n_neighbors fg Fnuuteyalnaifgsnldlunmsiuieuiieuiutoyalu

weights fio szegvinavasdoyalndifssiutoyalval winld ‘uniform’

e azliinssevyinavesdayaunAnduiumUssianvedeyaniey wininly ‘distance’
g awihszeginsveoyainly lnedeyainuiiedlndnit aziinason1sdnuseinnliiu

Megvinseanty

Joyalmiuinnit veyalas
A [J | v I A
- p fim MIAIMTTEYiNwelaya 1 2 WuuAe
01 p = 1 WAIMIUTZTYENULUU Manhattan distance faaunis (5)
(5)

d(x,y) = Xitalx: — il

01 p = 2 WAIUINILELUUUU Euclidean distance iaaunis (6)
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d(x,y) = VXL (x; — y;)? (6)
de d(x,y) Ao TYEENeYRItoya
n A dRvestoya

| a

Yanveinsidoanassuy KNN Tunisundamnids Classification Aelilieriianuns
voaveya warlyiA1 accuracy adusiliieannlun1sduunyssinndeyausiayATanBermuIum

segvvinasemIdoyatunn 9 90 Ieihlvauldemineinsaouiames

AMUTENB 3 wanInslunUsEndeyalaedanassu KNN amvuas k f1e 9

fiun : Cover TM, Hart PE. Nearest neighbor pattern classification. IEEE transactions on

information theory. 1967 Jan 27;13(1):21-7.

2.4.4  Decision Tree
Decision Tree \udanassunfindnnisainnisasiangnisdndulaiie
wianqudayalugunuudsdiudu (hierarchical classifier) [6] nauvasdayanlaainnIskus

gnuUInIengdniuisey q aunsenslaussinnuesdayanneanisiiwun daniswusnguly

(%
[

ez dasdanuazAaebNUN I NAUL]
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U8fv09 Decision Tree fig lillUGonsingnsaeuiiumnesd awsaldiu
Toyanfmliasudulsd uandusanetuiidnlade uimnuumnimeslimunzaniios
lmAndam overfitting ladeLaiuniu

2.4.5 Random Forest

Random Forest \fun1sdudioyanuy bootstrap (dudeyauuuidendls)
iieflazaeuliiudazdu wdlvmuliinsFeuiuasunnisauaansavinneganun ey
nsviiune duldiusasdunsiinaduyaves feature wildlunsviune Fafudeilslasuli
limilouu Inglunisineyssinnvesteyaszldduliivats q fuinsufuiioniai
thasfuvesUssinvuesteyaiifiosnisyiune

a s o A o/ ' L ‘QJ
‘W’]‘E’lllLG]E]TWﬁﬂ‘l/lﬁ’]iJ’ﬁﬂUiUﬂ’llﬂiJﬂ\‘iu

- max features: 91U features Nazguidoniioldlunisasiaiuliiuas

wanAseenty
- max_depth: @11130MUUAAMNTULDUVBILUUTIABY decision tree
. ! ° 1 B a vy o
- min_samples_split: 971421 samples o813t 88lu node Nazliaulil
annsauannssiolule

- bootstrap: tdeniUn mode lid1azldnsdunielal Tny default 9z1lu
True ARLUANTTEY

- 0ob score: dlowWa mode NNSEUWUY bootstrap 9zam1901Y out-of-
bag samples Mmiﬁﬁmmlﬁammmgﬂﬁm (accuracy) 1 Tunsi¥la mode Tagsiliiinns
Aunuilenn out-of-bag error Titfoedigauly

VoRreIn1TAtynds Classification A1u9anaidu Random forest Ao Lin
Uayn1 Overfitting leounidanaisy Decision Tree waviduszaniainas uilideidude
dane3dsudaududou waguinldiiuau Decision Tree ludane3du Random Forest 110

g lalaanlunisussunanauin

2.5 Msulsdayadmiunagaunuudngas
Tumefianisiseuivennsosiu inesaziseuinndeyalaedoyarzgnuusdudoya
dmuaiiauuudnged (training set) uazdoyadmiunaaauLuUIIReY (test set) mATiAnTg

1 v a U dy
WUUDYaN 2 Usgbny a9l
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251  Train/Test Split Ap N1swUsteya 2 dwdwmsuaiiauuudnges uazdndiu
dSUnAdRULUUIIABY 19U LY 80% dvSuaialuudnged uazuus 20% dmiunagey
[ 3 £
WUUdaed [Wusy
252 Cross-Validation [7] \undnnisnisuusteyadimsuldlunisasiuay
NAdeUUsEANTA ML UUINARIN RN EUSvRATentaSuANTlen wdinn15ua Cross-
Validation Aa n1suusdaya n du taeld n-1 daudmsuiludeyalunisisouivenies

(the training sample) waz 1 d@dudmsuludeyalunisnageuwuudiass (the validation

¥

sample) U 5-fold cross-validation fia NISWUTBYANIMNA 5 duvin 9 fu Toya 4 du

Y

gldlunisadrsuuudnaes uazgaziulddeyaauasu fe Nwun 5 A9 fadunITnagey

Usgansnninseungudayanavun vilinan1snaaeulssavsainianuiniieie

2.6 M3fARanlaes (Feature selection)

T Machine Learning m3fnidenilesiauddnlunisiiuuseansamlunis
ahauvudaes annalunsidouivesneuiinmes uaztiandymnsaislumaidudou
Auly (overfitting) 1ot

watalunsianiliaes [8, 9] wuseanidu 3 Uswan fe

2.6.1 Filter techniques fie N1sidenillaeslaeganizanautinigluvesteyaind

::1' v I A ) o & | a saa = v
AMULNYAVDITENININLADTUULALNAANT (outcome) ll’]ﬂWI']vLi ImﬂWLﬁ]@ﬁmﬂJﬂ’ﬂNLﬂU'ﬂ%@ﬂ

1 o

tegazgnaneonliunuldadrauuudiass defives Filter techniques fio WWuwatianildla

5357 wnnziuteyanfiiwesusuamn mszlidedddanassulunisadawuudiasun
° a

a v ° v a ¢ = S a = o % Y o
LNYIVBY LLATNINITATUIUNAIANULNYIVDIVDINLADSLNEIATILAL? QQWWIﬁl@JW@QI%VﬁWU’]ﬂi

ea Y a A

lunsania winfiteidefie Waesudaziiazgninavuuuanuiigitasueniuiunisaing
WUUT1a09 seduasnlaoaliwmuiznazinlulglunisadrswuudiansile fed19ves
Filter techniques Wi NSAIWIR correlation, Chi-square, t-test, information gain WHudu

o a ¥

2.62  Wrapper method [unsdnideniliaeslagruinainnisiseusuasnaaay

(%
[ Y a

YIARUNIADSIUNITAS L UUI1aRInedanassudants saludadidenraidunismiiiaes
Awmunzanlunisadiauuinandaensias wantvaldefs danudssNazAnlunandudou
\Auly (overfiting) 11nA11 Filter techniques dn1sArurumatsnss wazldiatlunisaiuin

111n71 Filter techniques A19E199839 Wrapper method f9
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2.6.2.1 Forward selection n3snsifinillaesfiazia ilogitnuudiasd
Uszansnmigunselal snniiusvansamatufesifiuiinesuly
2.6.2.2 Recursive Feature Elimination 1Ju35n151d0n#L98s lagagian
Faosrmuadluld Tlunsadrauuusans Tuusayseuveinisadrawuuiiasazinfioed
finasiensaine uuudiasstiesiignesn uiliaesindeairsuvudaedvsl vinusevay
wiaesIuTiesiifens
263 Embedded method 1unismiliesimunzauiianunsoadrsuusiansti
1@fdszansamuinfigauneiidideinuuudiaes o899 decision tree, L1
regularization Uaffe léﬁ\lLﬁ]@%ﬁﬁmmLﬁaﬁaﬂﬁ’umm%’mwuaﬁ’ﬁaaagﬂ wazldanlunis

ANTREAI1 Wrapper method

2.7 nsanaaas (Feature Extraction)
wailanisaindeya (Feature Extraction) ldlumsdanisteyanidnuiumiuusmse
Aaasuin senisuiasddsanlrmdudndsindninfanas vinlraanislansnein1snig
poufiunes waziiulszansamlunisduundeya uwinfidedefetoyailiaosursdiuasd
nsagmelundannnisanailiaes
nuAdelilaltmafinn1siasigiesausenaunan (Principal Component Analysis:
PCA) [10] Tun15anniiaes tnenanni1sued PCA Aan1sanfiiblsainnisasnafiindstydduun
FeazannviefieaziBunteyadidyainduwdsiiuanlilulaunign daegrauld X (u
a 6 a 6 a & o CY) 1 = Y '3 A o | [
WASNTUDINLIDT 1R8TYUIN M kad WIBIIUIUADE1Y wazdl n ABAUY 13 I UIUTLIBS
a 4 :’/ % ‘;’
ANUN50aAVUINVRUURING X TalneTunous Il

1. uedialaddoya IneldAndeauunnsgiuiiaunis (7) sl

__ [X—mean(X)]
Xnorm = std(x) (7)

thieyawnindinunsusdialadumenanduiug 16 dumssnd R

3. dnun3ng R Wadnaudnwuziau lnen1sniAlewny (Eigenvalue) Ingazaula
dnlanuitlally 0 Wity wazSesddualenuanunnldiios

4. Lﬁaﬂiamunmm%ﬁiﬁﬁﬂamuqamuéﬁummﬁé’aamiammmé”aLLiJi WU DLden

v v & v A A o I3 a eaa Y
11 k 817 ﬂﬂuumamﬂamLMa@ﬂqﬂﬂqimq PCA 2z JULUATNYNUVUIN M LI k ADAUU
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2.8 yATeiinetasfiuanudiiusvasuuuszifivennsisdoufsusuaslsadoufsus
vauziUAEuYn
Tuthaguilnidefiuanianuannsavesuuulssifiuoinmsiawioufisey (Dizziness
Handicap Inventory: DHI) lunsduunuszinnesiiheifonnmsisdeufsszainlsaiou
Arwguaziasuin uaziihefiioinsiadeufsuzanisndu fegatu
281 unANITBSeg Epidemiology of benign paroxysmal positional
vertigo: a population based study 1ng M von Brevern, A Radtke uazaue
uideiidunisfnw e giRnisainaifalse uagauTULTIYDS
pnsisuAseeluszaU1eg vadlsa BPPV Tuuszwawesuil 91nn15@0ua1utazdnsi9
1111 Tnewuin lufihefininwmeomsdoudsee Tawnmdulvgiinainlsa BPPY wie
Uszana 20 % laeifthe BPPV WleldumsinwudAdsilomatiagnduundulyails
BPPV flonatAnluglvgjuazggseny ldunnninfesunieiin Tnso1yiade
vosftae BPPV Ao 49 U uagnuveslufiaseny 80 Viuld Tnsornsvedlsaiisous Feu
Aswy uodlith aduld newilalld vioulusnansinidesainlse BPPYV
2.8.2 UNAMUATBE049 Performance of DHI Score as a Predictor of Benign
Paroxysmal Positioning Vertigo in Geriatric Patients with Dizziness/Vertigo: A
Cross-Sectional Study 1ag Amrish Saxena tag Manish Chandra Prabhakar
mu%a"’aﬁﬂﬁzLﬁuwaﬂswusuaﬂmmiﬁauﬁswz&ia%%ﬂizﬁﬁmaﬂr;:i{ha Wy
Uszilluanuanunsalunisviiunelsa BPPY annaziuuankuunagey DHI [12] lnglddeya
ALLUUTINIINUUUNAGDY DHI vesiliegeengrnduisiiihiumssnuilunddngiasuen

TulsanguiaingrqeunndvesUsemaduisnigoIn1sReudsee Wegdieuiunssnuiae

'
=

nsUszlumskuUNAaeY DHI faunsasen1e wasdnuseingUae Tuduneuiaes fUe

¢ v

21#5Un150599 Dix-Hallpike FafuBunasgrudwiuidedelsn BPPY Tnsunmdfidoavey
felaimmuaziuuanuUUNAasy DHI fifUaeldviluneunti uarludunougaiineduaeas
1§$un1smsvaussanmnianisledy Weussifiuauinundduvesy wazldfunis
Iedelsalnsunmdiidorvaluinedign

fUheildsunisussiliussuuunaasy DHI wiadu 2 ngufe fUaedinn
$hwre1nsIeuRsuziileaninlsa (BPPV Group) way Q’ﬂasﬁm%’umi%’ﬂmmmiﬁauﬁsm
idesanlsaduiilailylsa BPPY (Non-BPPV Group) f3delsuseiiudindsnziuusinain
wuuNAAoy DHI vasiitheiaenguifiotuiieuiioutu wasmadiidiian (cut-off lu

nsviuelsa BPPV nenudnaedsaviuusiuvesuunageyu DHI TugUlenguidulsa
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BPPV ganinaziuusiuvesuunadayu DHI luduranquitlaladilulsn BPPV uaz cut-off
AZRUUTINIINBUUNAADU DHI WU 50 azuuy 1Uudl cut-off NATgatunisvituelse

BPPV 1agl#iAn Area Under Curve (AUC) 0.982, Sensitivity 94.7% way Specificity 94.2%

v
vYa o =€

Fennuansifeadsiiitedeasin uuuneaeu DHI Wuedesdiefiiisslomifianunsatielu
nsalladelsa BPPV 1o
2.8.3 UNA21uI981309 Validation of 5-item & 2-item questionnaires in
Chinese version of Dizziness Handicap Inventory for screening objective benign
paroxysmal positional vertigo. 1n8 Wei Chen uazae
MATeiisuiisunanzuuuwes DH TugUleynidu 55 au fludeenis
Feudsuzainlsa BPPV uay 58 au fiflennisiieudsweainlsaduiilily 8PPV Tneldua
AZLLUUTIN DHI ﬁgumuaaumm [13] NAAZLUUIINANN 5 AIn1ugeun1u Physical Tu
WUUNAEDU DHI hag HAaAzWUUIINAIN 2 ANDI8E88A1U Physical Tunuunaaeulunis

WA InedUieazgnitadelsa BPPY faen15ns3a Dix-Hallpike

5 a0ugey war 2 AnlugesfigniensanyiiveldlunisAnaziuy Wu
Aanuluming Physical veanuunageu DHI Fadunisgnisiinenmsiieudsudieninvimig
a9 Telu 5 Anuges TAuA Went AN uAsEEE199IA57 WALV wavndsm 2 Aany
808 LKA WBUSIU WATNAIA HATINNITIVINUIIALLUUINNBUUNAZBYU DHI N9wUUIIY
AZLUUTILUUNAZFDU hazsIanIEAInIugagnunlatenu s1enduszansainlunistae
YUy BPPV 193U 1a8n1SIeaghUUsINaINAI0INgagNUU 5 AN0NY Ay 2 A0l Tu
wWUUNAEDU DHI Tun15vIune BPPV THUSeaNSAINNINNIIN1S AL UL INANNBUUNA @D U
DHI 19139 kaztilaUseiumiudannaedn1gluyaduuNAd@aunie cronbach O WU
WuunAgeUges 5 Aauan DHI irauaenndesnigludfign
AINN15ANBINUITeMALIT09 Aztuladnuulseiiiue1ni1siveudsuedl
UszansamlunisihuweduungilienionsisdeudsyeiionnlsalsufsvsvasiUiou
' v aa a a a =~ Y ' Awv aee P a
i ngUaendennsisdeufseeainlsadu o widilinuanuidend@nuinislduuuusediv
a o a ° a a A ' v o P
1NN IIYUATYETILUNUTLLNNVBALS A S UATWEYULUALUN AIUUNINAIUITDESF
LUUDNEDINSYINUIYTIBUNUTLENNLTA I UATHEU UL URIUNIANABUUUTZ L UDINNTINIEU

a v a a a ° vay ¢ & 1 a
Aswzlaogaluszansnin gy lviuselovin1anisunngosnesa
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3.1 MsimuAUTEYINsUaTN1TdunguAeE1s
3.1.1 Yszvns
foyanziuu DHI 9ngtaelne 114 aulud we 2560 AnsifuaziuY DHI feu
mssne wazldsunsitadelsaindu BPPV wiia PC-BPPV vsewlin HC-BPPV leeuwwnd
angne MntuiinsnviasAnnuaumeainisauwd:
3.1.2 N5LA0NNENA2EY
Joyavzgnuundu 2 ¥a e Yadeyadmsuasiwuuiiaes uavyadoyadinsu

PNAADULUUINABY TUOMIIEIU 80:20

3.2 NN5a519A59NaN T luN15IY
o A A A A a a o a a A avu ¢
A509LaM I lUN15 8RB UUUSEEIUDINNTIDOUASEE Tny UnAF1a wmansia

FaUSun191n Dizziness Handicap Inventory (DHI) [14]

< v
3.3 M9AUTIVTINTRYA

Tunuideillaldveyanzuun DHI ngUelnglul w.e. 2560 ANsAUAZLLLLY DHI
AounIssne wazlesunisitadelsaindu BPPV wilsa PC-BPPV wsawiia HC-BPPV lag
WNNGLRNIENE INUULNITSNEILALAANNIUMIBINNLTAKA

Y A& as & oA

Toyatinuiiliaes 3 nquAe

3.3.1 nquioyaitae dniesaall
- 5EYLLIAINITSNYN

- 91

3.3.2 NgudayaaN DHI AaR1519 1



set

1 7

2 Ll

3 30

4 40

5 21

6 30

7 4

8 15

9 4
10 3
11 7
12 14
13 3
14 0.3
15 30
16 8
17 35
18 2
19 2
20 7
21 14
2 4
23 7
24 Ll
25 5
26 5
27 1
28 14
2 0
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I3 ¥ QI

3.3.3 TL295NEWNUINNLUUNAEDU

Ingludeyaszssynisidedednlu BPPV vilnevlsly wieldidu label dmsu

N15%1 Machine learning #1¢

3.4 msdanseindaya uazn1siaevideya
MAjeillgnwlnneu (Python) Tumsieseideyauazaniunisluau Machine

Learning lagiiiunaunyil

as A

3.4.1 dnnsdeyalieglusuuuulidfvunzande udeyalusuuuulndisna
Microsoft Excel (xlsx) talianunsadiunlyluaiy Machine Learning feg1avestoyaild

AanNINUsEnau 4

myst age B B B M )31 )11 T )33 B El0 L I ] Fl4 ELS FI§ 7 ES Fly = =1} = =1

80 74

6.5 40

242 60

5 87

blind 37
87.6 54

22 47

14 55
17.3 63
60.7 35

CNNNN A ENAONNE AN ENO RN DR BN RN A
MAENOCONERERONNNGORE RS ENNNOO SR SRS CN
ENNE AN RO AN N AN NN AN N BN EO RO RN SO
cocconNErococcONNNS OGN ENNNO RO RS NS
B A AN EANEEANRNNE AN RN AR BN RS RN
CoNmNENEENNNNN NSO RGN ENO EO RO BN GN
CNNE RN EN AN NN NN AN RN RN RO
S ENO LA E ENNNOENNN OO R A ENS R RN AN
NN E ENO ENNNNN GO ENS R ENNS BN RN G s
SomNANSENNOSccoo s bNoNe RS b e
MM AN S S LS LS R Eo N b s SRR RN A D
SNMERE LSS AN OSSN S SN RS RS s s s
A A AN R A LS RO MR R NN RN R AN AN R RS
BN R A E NN NNN NS R ES RN R RS s
somNo oo brocooccoocs e oanoNs e
SomENANANLEOSS Lo o NS Lo NS EoNS S s
SemNNNONNNSaNENS BN B NN NS ENNN SN
ENNEN N AN A LN NN NS AN NN NS s NS
SoorrrooNtoaNcosEn ENN NSNS bS e N
rPomEE AL AN NNNESS Ao b Lo NaN S EN N
coocrtNNLtococoaccoscsbnoNaN NS e N
NEeEsrNNNbeNOSccoocoNNS AaroNS e

AmUszneu 4 shegndayanlddmsuasnuuudiaes

3.4.2 Anwilineinegludoya daszileudoyalvdrusonisvituuudtaslae

[

Jaguuuulitoyailu DataFrame san1mdszneu 5 mdn outliers Negludaya lnan1smen

Y

saa 1

null Tuteya wazsinApauuiiaA null aeen Aunnusenau 6 wlasdeyanieglugudeniy

Tdudna f\mﬁ'ulmasé’fa;ﬂaaaﬂL“ﬂu%gamﬁiﬁﬂ LAZNAANS Fan I nUsenau 7

os.chdir('C:\\Users\\User\\Desktop')
file_name = 'bppv dataset.xlsx'
df = pd.read_excel(file_name)

df

amdsenau 5 deglandndnlnddaya LLazU%’UEULLUUL‘ﬂu DataFrame

ANENNNENNN NN SO N EN N NS NN AR RS S s

S AN R AN E SN AN NN NS BN RS A SR RN N

diagaois

2 heh
2 heh
2 heh
4 heb
4 heh
4 heh
4 hed
4 hch
4 heb
2 heh
4 hh
2 heh
2 heh
4 hch
4 heb
2 heh
4 heh
2 hch
2 hch
2 heh
4 hed
0 hch
2 heh
4 heh
4 hch
4 heb
2 heh
4 hch
0 hch



gnb_clf = Ga
cv = 5 #i

accscore = cross val score(gnb clf data target cv= cv) #im

22

(df.isnull().sum()).sort_values(ascending=False)

df.drop("nyst",axis=1,inplace=True)

AMUsENBU 6 freegalann1sma null Tuteya wagnsinmeauindazuIy null unuiuly

df['diagnosis'].replace(['hecb', 'peb'],[1,@],inplace=True) #uls:

df = df[['no', 'onset', ‘age', 'P1', 'E2', 'F3', 'P4', 'F5', 'F6', 'F7', 'P8",
'E9’, 'Ele', 'P11', 'F12', 'P13', 'F14', 'E15', 'F16', 'P17', 'E18',
'F19', 'E20', 'E21', 'E22', 'E23', 'F24', 'P25', ‘diagnosis']] #iivseyty DataFrame

#Huenfeyneenduteynn nunsundmi

Y=target = df.loc[:, 'diagnosis’']

X=data = df[['age', 'P1', 'E2’, 'F3', 'P4', 'F5', 'F6', 'F7', 'P8’,
'E9’, 'Ele', 'P11', 'F12', 'P13', 'F14', 'E15', 'Fl6', 'P17', 'E18',
‘F19', 'E20', 'E21', 'E22', 'E23', 'F24', 'P25']]

amUszneu 7 Mmegildamsulastoyanndeanuduiiiay uazwiilayaeondudoyad

Tolnuasnagnn

3.4.3 Fendanastudmivasiuuuitaeviuiedeya Insudazdanessuinannis
safuiloanunsaiUieuifisuuuusaedls Sedanessuitugiuiléluau Machine Leaming
UszLan Supervised learning dmsuunlayni@iy Classification 1A K-Nearest Neighbors,
Naive Bayes, Support Vector Machine Wag Decision trees [15] LLGiLﬂmﬁ]’m%%aﬁU%mm
liwerann 3914 Random Forest unududundnnisadefuusaniaym Overfitting 1éfAnTn
Decision Trees

3.4.4 awuvusiasdlagldilnesiomun Usumsiimes uazinuszansnmues
WUUANADY

3.4.4.1 LWUUINae9as19lagsana3sy Gaussian Naive Bayes Jnusz@nsnin

AININUIENBU 8

ianNB()

dmfinh Cross Validation evaseuuuyérsenihs 5 «r:;,-

Avsnmesuuudisedasld f1-score
asaurLdaelnn e accuracy score

recallscore = cross_val_score(gnb_clf,data,target, cv=cv, scorlng- r*ecall macro') #inlsziva nandlaeld recall score

pscore = cross_val score(gnb cl'F data ,target, cv=cv, scorlng pr-eusmn macro') #iml
f_gnb = np.mean(flscore) #u#
acc_gnb = np.mean(accscore) #a
r_gnb =
p_gnb
print

print
print

precision score

fl-score g 5 af
accuracy score

+ recall score i
precision score i

= np.mean(recallscore) #
= np.mean(pscore) #umrai
("Accuracy:', acc_gnb)

print ('F1 score:', f_gnb)
('Recall:', r_gnb)
(*Precision:’, p_gnb)

AMNUTLNBU 8 A8 9lARLARINITINUTEANSAINLUUINADES 19918880354 GNB
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3.4.4.2 LUUN@09a519lnedane3ou K-Nearest Neighbors USunis1iines

Tneld GridSearchCV wazinUseansainsaninusenau 9

knn = KNeighborsClassifier()

k_range = list(range(1, 31))

p = [1,2]

weights=['distance’, 'uniform']

param_grid = dict(n_neighbors=k_range,p=p,weights=weights)
grid = GridSearchCV(knn, param_grid, cv=5, scoring="accuracy')
grid.fit(X,Y)

print(grid.best_params_)

print(grid.best_estimator_)

clf_KNNd = KNeighborsClassifier(n_neighbors=21,p=1,weights="distance")

flscore = cross_val_score(clf_KNNd,data,target, cv=cv,scoring='f1l_macro')
accscore = cross_val_score(clf_KNNd,data,target, cv=cv)

recallscore = cross_val_score(clf_KNNd,data,target, cv=cv,scoring='recall_macro')
pscore = cross_val_score(clf_KNNd,data,target, cv=cv,scoring='precision_macro")
f_knn = np.mean(flscore)

acc_knn = np.mean(accscore)

r_knn = np.mean(recallscore)

p_knn = np.mean(pscore)

print ('Accuracy:', acc_knn)

print ('F1 score:', f_knn)

print ('Recall:’, r_knn)

print ('Precision:', p_knn)

ANUTENDU 9 A20819lARLARINISUSUNISIINDS haz InUSLaNTAMLUUIIaaINas1907e

9an®5ou KNN

3.4.4.3 wUUassasNlaedane3su Support Vector Machine Usu

W1510wastaely GridSearchCV wazinuseansnInaInInUsenau 10

C=range(1,10)

degree = range(1,3)

gamma = (©.1,5)

param_grid=dict(C=C,degree=degree, gamma=gamma)

grid=GridSearchCV(SVC( kernel='poly',decision_function_shape="ovr', random_state=42),param_grid,cv=5)
grid.fit(X, Y)

print(grid.best_params_)
print(grid.best_estimator_)

c¢lf_SVC = SVC( C=1,degree=2,gamma=0.1,kernel="poly',decision_function_shape="ovr', random_state=42)
flscore = cross_val_score(clf _SVC,data,target, cv=cv,scoring='f1l_macro')

accscore = cross_val_score(clf_SVC,data,target, cv=cv)

recallscore = cross_val_score(clf_SVC,data,target, cv=cv,scoring="recall_macro')

pscore = cross_val_score(clf_SVC,data,target, cv=cv,scoring='precision_macro')

f_svc = np.mean(flscore)

acc_svc = np.mean(accscore)

r_svc = np.mean(recallscore)
p_svc = np.mean(pscore)
print ('Accuracy:', acc_svc)
print ('F1 score:', f_svc)
print ('Recall:', r_svc)
print ('Precision:', p_svc)

AMNUTENBU 10 108 9lARLAAINISUSUNISINNDS warInUsEaNSAINLUUIIaDINas19978

9ana35u SVM
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3.4.4.4 LUUINABIAS19lAEEaNe35Y Random Forest Usunisnilmasiagly

RandomizedSearchCV waginuseansninaan ndsenay 11

n_estimators = list(range(2, 50))

max_features ['auto', 'sqrt']

max_depth = list(range(2, 50))

min_samples_split = list(range(2, 20))

min_samples_leaf = list(range(2, 20))

random_grid = dict(n_estimators= n_estimators,
max_features = max_features,
max_depth= max_depth,
min_samples_split= min_samples_split,
min_samples_leaf= min_samples_leaf)

rf = RandomForestClassifier(random_state=42)

rf_random = RandomizedSearchCV(estimator = rf, param_distributions = random_grid, n_iter = 58, cv = 5,

verbose=2, random_state=42, n_jobs = -1)
rf_random.fit(X, Y)
rf_random.best_params_
clf_RFC = RandomForestClassifier(max_depth=6,max_features="auto',min_samples_leaf=10,

min_samples_split=14,n_estimators=30,random_state=42)
accscore = cross_val_score(clf_RFC,data,target, cv=cv)
recallscore = cross_val_score(clf_RFC,data,target, cv=cv,scoring='recall_macro')
pscore = cross_val_score(clf_RFC,data,target, cv=cv,scoring='precision_macro")
F1_RFC = np.mean(flscore)
acc_RFC = np.mean(accscore)
recall_RFC = np.mean(recallscore)
p_RFC = np.mean(pscore)
print ('Accuracy:', acc_RFC)
print ('F1 score:', F1_RFC)
print ('Recall:', recall_RFC)
print ('Precision:', p_RFC)

ANUSENDU 11 f20819LAARERINISUSUNIINMDS kaeinUsEaNS N INWUUIIa0INas19918

9ane554 RF
3.4.5 ANWIANUAUNUSYRIRLIDS fannUsEneu 12

df2 = df[['age’, 'P1', 'E2', 'F3', ‘P4, 'FS', 'F6', 'F7', 'P8',
'E9*, 'E10', 'P11', 'F12°, 'P13', 'F14', 'E15’, 'F16', 'P17', 'E18’,
'F19°, 'E20°, 'E21', 'E22', 'E23', 'F24', 'P25', 'diagnosis’]]#Gmiiifisfrumnseius iz fise
fig, ax = plt.subplots(figsize=(20,20))
sns.heatmap(df2.corr(method="pearson’), annot=True, fmt=".2f",linewidths=.5, ax=ax) #afunsviunsdis

AMNUTLNBU 12 A8 9lAnLaRINIsas19NT I LaRIAdLUSE ANSandunusSuuuiiiesau

3.4.6 a319Wwesindaniaesiiulagldarduyssansanduiusuuuiiesduves
Hasdndoniiaesndanuduiusiulssinnvedsaleufisveunian wagsaudaosid

MEAUAININUSENBU 13 NUUEanHasvnzanlunsigyiwuUINaad

F7_E23 = df['F7']+df['E23']
df['F7_E23'] = pd.Series(F7_E23)

AMUsENaU 13 lanfiegnanisasisiweslime F7_E23
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Filter techniques lagldan Chi square #3

AUN13 8 WazAMUTENOU 14 WagiIIUIUNIR SNz auLDIS8Ia 1A UAI8AT Chi square

TuNN5AS 1 UUINADIAI8DANDI D ULARLDANDI DU

2 _ won (0i—E)?
XO= Jjm1——F—

Ej
><2
O

Chi square

(8)

AMURNLAAINNISEILNA (Observed Frequency)

Ei = AudinanTe (Expected Frequency)

y= df.loc[:, 'diagnosis']
X= df[['age', 'P1', 'E2', 'F3', 'P4', 'F5', 'F6', 'F7', 'P8',

'E9', 'El1@', 'P11°', ‘F12', 'P13', 'F14', 'E15‘, 'Fle', 'P17',

"F19', 'E20', 'E21', 'E22', 'E23', 'F24', 'P25', 'F7_E23']]
test = SelectKBest(score_func=chi2, k=5)

names = ['age', 'P1', 'E2', 'F3', 'P4', 'F5', 'Fe6', 'F7', 'P8',

s
‘E9', 'Ele', 'p11‘', 'F12', 'P13', ‘'F14', 'E15', 'F1l6', 'P17°',

'F19', 'E20', 'E21', 'E22', 'E23', 'F24', 'P25', 'F7_E23']

feature = list()
chi = list()
for n in range(®, len(names)):

test = SelectKBest(score_func=chi2, k=5)

fit = test.fit(X,y)

feature.append(names[n])

chi.append(fit.scores_[n])

print(names[n], fit.scores_[n])

'E18',

'E18',

amUszneu 14 fegnelannial Chi square Yodusazlaos

Au 9w a o oA a ¢ v . Y] ° A v v
QWUQQHLﬂ%UWﬂu@ﬂqiﬂﬁLa@ﬂWLﬂgﬁﬂﬁﬁ ChlSquarefTU%UUQWa@QWﬁtiWQU

danassunsnaluil

- AN UL NLUZANF NS VS 1k UUT 1@ lnglg9ana3 sy

Gaussian Naive Bayes Aan nwusenau 15
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accGNB = list()
n_features = list()
#Fur accuracy wew
for n in range(1,27):

Xnew = SelectKBest(chi2, k=n).fit_transform(X, y)

x_train, x_test, y_train, y_test = train_test_split(Xnew, target, test_size=0.2, random_state=42)

gnb_clf = GaussianNB()

gnb_clf.fit(x_train, y_train)

gnb_pred = gnb_clf.predict(x_test)

accscore = cross_val_score(gnb_clf,Xnew,y, cv=5)

acc_gnb = np.mean(accscore)

accGNB. append(acc_gnb)

n_features.append(n)

» Chi square

Chi2GNB=pd.DataFrame({"Number of Selected Features":n_features})
Chi2GNB[ 'accuracy score']= accGNB #sf: DataFrame swoufssfuar accuracy s
Chi2GNB.sort_values(by='Number of Selected Features', ascending=1) #iees

#FaFrnrmusamudunudzenineg fuse dccuracy uanndnaunneiiiiar ACCUracy gua
NumberofSelectedFeatures = Chi2GNB[ ‘Number of Selected Features']

accuracy_score = Chi2GNB['accuracy score']

ax = plt.gca()

plt.title("Feature Selection (Chi-square) of Naive Bayes Mcdel')
Chi2GNB.plot(kind="1line",x="Number of Selected Features',y='accuracy score',ax=ax)
max_index = np.where(accuracy_score == max(accuracy_score))

accuracy_score_max = accuracy_score[max_index[@][8]]

NumberofSelectedFeatures_max = NumberofSelectedFeatures[max_index[@][@]]

maxValue = ‘features ='+str(NumberofSelectedFeatures_max)+' , '+'Accuracy score ='+str(accuracy_score_max)
plt.annotate(maxValue, xy=(NumberofSelectedFeatures_max,accuracy_score_max))
plt.show()

AmUTENDU 15 Mot lAnMIIUIUTesTsdnaIAUMEA Chi square EUSULUUTI8DY

a19lagdana3Bu GNB Nlvien accuracy @dan

- ANSMNUIUHLBS TN TANF NS UFS 1k U U@ lnglg9ana3 sy

K-Nearest Neighbors s 1mwUsznau 16

n_features = list()

acckNN = 1list()

for n in range(1,27):
Xnew = SelectKBest(chi2, k=n).fit_transform(X, y)
x_train, x_test, y_train, y test = train_test_split(Xnew, target, test_size=0.2, random_state=42)
knn_clf = KNeighborsClassifier()
knn_clf.fit(x_train, y_train)
knn_pred = knn_clf.predict(x_test)
accscore = cross_val_score(knn_clf,Xnew,y, cv=5)
acc_knn = np.mean(accscore)
accKNN.append(acc_knn)
n_features.append(n)

Chi2KNN=pd.DataFrame({"Number of Selected Features":n_features})

Chi2KNN[ 'accuracy score']= accKNN

Chi2KNN.sort_values(by="'Number of Selected Features', ascending=1)
NumberofSelectedFeatures = Chi2KNN[ 'Number of Selected Features']

accuracy_score = Chi2KNN[ 'accuracy score']

ax = plt.gca()

max_index = np.where(accuracy_score == max(accuracy_score))

accuracy_score_max = accuracy_score[max_index[@][@]]

NumberofSelectedFeatures_max = NumberofSelectedFeatures[max_index[©][@]]

maxValue = 'features = '+str(NumberofSelectedFeatures_max)+' , '+'Accuracy = '+str(accuracy_score_max)
plt.annotate(maxValue, xy=(NumberofSelectedFeatures_max,accuracy_score_max))
plt.title('Feature Selection (Chi-square) of KNN Model')
Chi2KNN.plot(kind="'1line’,x="Number of Selected Features®,y='accuracy score',bax=ax)
plt.show()

AMMUTENDU 16 Fag19lARIIUILTLITTITAAIAUMEAT Chi square @USULUUAI8DY

a9lagdanaisu KNN 7ilvien accuracy gegn
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Support Vector Machine fanwlsznau 17

n_features = list()

accSVC = list()

for n in range(1,27):
Xnew = SelectKBest(chi2, k=n).fit_transform(X, y)
svc_clf = SVC( random_state=42)
accscore = cross_val_score(svc_clf,Xnew,y, cv=5)
acc_svc = np.mean(accscore)
accSVC.append(acc_svc)
n_features.append(n)

Chi2SVC=pd.DataFrame({"Number of Selected Features":n_features})

Chi2SVC[ 'accuracy score']= accSVC
Chi2SVC.sort_values(by='Number of Selected Features', ascending=1)

NumberofSelectedFeatures = Chi2SVC['Number of Selected Features']

accuracy_score = Chi2SVC[ 'accuracy score']

ax = plt.gca()

max_index = np.where(accuracy_score == max(accuracy_score))

accuracy_score_max = accuracy_score[max_index[©][©]]

NumberofSelectedFeatures_max = NumberofSelectedFeatures[max_index[©][@]]

maxValue = 'features = '+str(NumberofSelectedFeatures_max)+' , '+'Accuracy = '+str(accuracy_score_max)
plt.annotate(maxValue, xy=(NumberofSelectedFeatures_max,accuracy_score_max))

ax = plt.gca()

plt.title('Feature Selection (Chi-square) of SVM Model')
Chi2sVC.plot(kind="'1line',x="Number of Selected Features',y='accuracy score',ax=ax)
plt.show()

ANUTENBU 17 Mg 1alAnMauIUlleesTsdnaInumeal Chi square E1MSULUUDIEDY

a3alagdana3Bu SVM #1lvien accuracy gegn

- AN UL TN TANF NS VS 1k UUT 1 lnglg9ana3sy

Random Forest A4nUsznau 18
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n_features = list()

accRF = list()

for n in range(1,27):
Xnew = SelectKBest(chi2, k=n).fit_transform(X, y)
rf_clf = RandomForestClassifier(random_state=42)
accscore = cross_val_score(rf_clf,Xnew,y, cv=5)
acc_rf = np.mean(accscore)
accRF.append(acc_rf)
n_features.append(n)

Chi2RF=pd.DataFrame({"Number of Selected Features":n_features})

Chi2RF[ 'accuracy score']= accRF
Chi2RF.sort_values(by='Number of Selected Features', ascending=1)

NumberofSelectedFeatures = Chi2RF[ ‘Number of Selected Features']

accuracy_score = Chi2RF['accuracy score']

ax = plt.gca()

max_index = np.where(accuracy_score == max(accuracy_score))

accuracy_score_max = accuracy_score[max_index[@8][@]]

NumberofSelectedFeatures_max = NumberofSelectedFeatures[max_index[@][@]]

maxValue = ‘features = '+str(NumberofSelectedFeatures_max)+' , '+'Accuracy = '+str(accuracy_score_max)
plt.annotate(maxValue, xy=(NumberofSelectedFeatures_max,accuracy_score_max))

ax = plt.gca()

plt.title('Feature Selection (Chi-square) of RF Model')
Chi2RF.plot(kind="1line',x="Number of Selected Features',y='accuracy score',ax=ax)
plt.show()

AmUszneu 18 fMedilAnmaIuIuNiaesdedna1nuaIeAl Chi square @SULUUIIADY

a319lagdana3Bu RF Alvien accuracy @3an

3.4.6.2 N15ANLANNL995A1875 Wrapper techniques lagldinaila
Recursive Feature Elimination (RFE) Auwuudnaeltsane3susneludl
o | ¢l a [ o P 14
- MU siuzanlagmaila RFE AULUUTIa09918519
A189ane35u Support Vector Machine Taaldan coefficient Uo9WLa95IH 01389816 U

AMUEIAEURILRRS AsnwUsznaud 19

viz = RFECV(SVC(kernel='linear', random_state = 42), cv=5, scoring="accuracy')
viz.fit(data,target)

viz.poof()
ranking_ds=pd.DataFrame({"Features":X.columns})
fit=viz.fit(data,target)
ref_ranking=viz.ranking_

ranking_ds[ 'Ranking']=ref_ranking

ranking_ds = ranking_ds.sort_values(by="Ranking', ascending=1)
ranking_ds

AMNUsENBU 19 fi1e819lAnNIsaNURLe SR aud S ULUUINaIas 19 lnedanassu

SYM Teglamafia RFE

- ML simuzaulagmaila RFE AULUUI1a0991d579
A189ane3su Random Forest lagly@1 Feature importance ¥93#19831 01389816V

AMUAIAE VRIS AsnmUsENaUN 20
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y=target = df.loc[:, 'diagnosis']

X=data = df[['age', 'P1', 'E2', 'F3°', 'P4', 'F5', 'F6', 'F7', 'P8",
'Es', 'Ele', 'P11', 'F12', 'P13', 'F14', 'E15', 'F16', 'P17', 'E18',
'F19', 'E20', 'E21', 'E22', 'E23', 'F24', 'P25', 'F7_E23']]

cv = StratifiedKFold(5)

rfe = RFECV(RandomForestClassifier(random_state=42), cv=cv, scoring='accuracy')

rfe.fit(X,y)
rfe.poof()

ranking_ds=pd.DataFrame({"Features":X.columns})
fit=rfe.fit(X,y)

ref_ranking=rfe.ranking_

ranking_ds[ 'Ranking']=ref_ranking

ranking_ds = ranking_ds.sort_values(by="Ranking', ascending=1)
ranking_ds

AMNUTLNBU 20 M98 9lARNISIINUILNLaS AL AN NS ULUUINaRIEs 9 lnedanasou

RF Inelnada RFE

3.4.6.3 nsanafllaesiioandfAve9iliaesa87 Principal Component

Analysis (PCA) fiukuudtaesiildoanasounmaluil

- 1131183AUsENBUNLIA Accuracy ANigalun1susuianiaesae

PCA AULUUINADI7E 19988809354 Gaussian Naive Bayes flanmuszneu 21

accGNB = list()
for n in range(1,27):
Xnew = PCA(n_components=n,random_state = 42).fit_transform(X, y)
gnb_clf = GaussianNB()
accscore = cross_val_score(gnb_clf,Xnew,y, cv=5)
acc_gnb = np.mean(accscore)
accGNB. append(acc_gnb)

PCAGNB=pd.DataFrame({"Number of Components to Keep":n_component})

PCAGNB[ "accuracy score']= accGNB

PCAGNB. sort_values(by="'Number of Components to Keep', ascending=1)

n_components = PCAGNB[ 'Number of Components to Keep']

accuracy_score = PCAGNB[ 'accuracy score']

ax = plt.gca()

max_index = np.where(accuracy_score == max(accuracy_score))

accuracy_score_max = accuracy_score[max_index[@][8]]

n_components_max = n_components[max_index[@][0]]

maxValue = 'n_components = '+str(n_components_max)+' , '+'Accuracy = '+str(accuracy_score_max)
plt.annotate(maxValue, xy=(n_components_max-6,accuracy_score_max-90.005))
PCAGNB.plot(kind="1line',x="'Number of Components to Keep',y='accuracy score',ax=ax)
plt.show()

AmUsEneu 21 MegelanmedAUsenauili accuracy gegalunisyvin PCA tioang

wuuinaeslaglysanea3sy Naive Bayes

- N139183AUsENRUNLA Accuracy ANgalun1sUsuiARaesae

PCA AULUUTIa99Na319088an0303 K-Nearest Neighbors fan nuUsgnau 22
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y=target = df.loc[:, 'diagnosis']
X=data = df[['age', 'P1', 'E2', 'F3', 'P4", 'F5', 'Feé', 'F7', 'P8",
'E9', 'Ele', 'P11', 'F12', 'P13', 'F14', 'E15', 'Fl16', 'P17', 'E18',
'F19', 'E20', 'E21', 'E22', "E23', 'F24', 'P25', 'F7_E23']]
n_component = list()
accKNN = list()
for n in range(1,27):
Xnew = PCA(n_components=n,random_state = 42).fit_transform(X, y)
knn_clf = KNeighborsClassifier()
accscore = cross_val_score(knn_clf,Xnew,y, cv=5)
acc_knn = np.mean(accscore)
acckNN. append(acc_knn)
n_component.append(n)

PCAKNN=pd.DataFrame({"Number of Components to Keep":n_component})

PCAKNN[ "accuracy score']= acckNN

PCAKNN.sort_values(by="'Number of Components to Keep', ascending=1)

n_components = PCAKNN[ '‘Number of Components to Keep']

accuracy_score = PCAKNN['accuracy score']

ax = plt.geca()

max_index = np.where(accuracy_score == max(accuracy_score))

accuracy_score_max = accuracy_score[max_index[@][e]]

n_components_max = n_components[max_index[©][0]]

maxValue = 'n_components = '+str(n_components_max)+' , '+'Accuracy = '+str(accuracy_score_max)
plt.annotate(maxValue, xy=(n_components_max-2,accuracy_score_max))

ax = plt.geca()

PCAKNN.plot(kind="line',x="'Number of Components to Keep',y='accuracy score',ax=ax)
plt.show()

AmUsENeY 22 MeogelanmedAUsenaunlv accuracy gegalunisyin PCA toaing

wuuINaedlaeloanaIsy KNN

a

- Mse9AUTENRUNTR Accuracy ANdalun1sUSURATL0SAY

9

PCA AULUUTIa97N&@319688an0353 Support Vector Machine Ayn wysznau 23

accSVC = list()
for n in range(1,27):
Xnew = PCA(n_components=n,random_state = 42).fit_transform(X, y)
svc_clf = SVC(random_state=42)
accscore = cross_val_score(svc_clf,Xnew,y, cv=5)
acc_svc = np.mean(accscore)
accSVC.append(acc_svc)

PCASVC=pd.DataFrame({"Number of Components to Keep":n_component})

PCASVC[ 'accuracy score']= accSVC

PCASVC. sort_values(by="'Number of Components to Keep', ascending=1)

n_components = PCASVC[ 'Number of Components to Keep']

accuracy_score = PCASVC['accuracy score']

ax = plt.gca()

max_index = np.where(accuracy_score == max(accuracy_score))

accuracy_score_max = accuracy_score[max_index[@][@]]

n_components_max = n_components[max_index[@][@]]

maxValue = 'n_components = '+str(n_components_max)+' , '+'Accuracy = '+str(accuracy_score_max)
plt.annotate(maxValue, xy=(n_components_max-6,accuracy_score_max-0.005))
PCASVC.plot(kind="'1line',x="Number of Components to Keep',y='accuracy score',ax=ax)
plt.show()

AMUTENBY 23 Mg lANMBIAUTENOUNIA accuracy gegalunisvin PCA tioadng

wuUINaedlaeloanaIsy SYM

v aa

- N13799AUTENRUNI Accuracy ANigalunisusuiianiaesaie

PCA fUWUUI1a099@519789an0354 Random Forest san nusenau 24



accRF = list()
for n in range(1,27):
Xnew = PCA(n_components=n,random_state = 42).fit_transform(X, y)
rf_clf = RandomForestClassifier(random_state=42)
accscore = cross_val_score(rf_clf,Xnew,y, cv=5)
acc_rf = np.mean(accscore)
accRF.append(acc_rf)

PCARF=pd.DataFrame({"Number of Components to Keep":n_component})
PCARF[ 'accuracy score']= accRF

PCARF.sort_values(by='Number of Components to Keep', ascending=1)
n_components = PCARF[ 'Number of Components to Keep']
accuracy_score = PCARF[ 'accuracy score']

ax = plt.gca()

max_index = np.where(accuracy_score == max(accuracy_score))
accuracy_score_max = accuracy_score[max_index[@][@]]
n_components_max = n_components[max_index[8][©]]

maxValue = 'n_components = '+str(n_components_max)+' , '+'Accuracy = '+str(accuracy_score_max)

plt.annotate(maxValue, xy=(n_components_max-6,accuracy_score_max))
PCARF.plot(kind="'1line',x="Number of Components to Keep',y='accuracy score',ax=ax)
plt.show()

AMUTENBY 24 Mg elAnMMBIAUTENaUNA accuracy gegalunisyin PCA tioang

wuuInaeslaeltoanassy RF

oA ° o v a a Ao
LLGmG]'NﬂULWE]VnLLUUQWaaﬂmiﬂﬂiﬂamﬁﬂqWWmmﬁ@

9

3.4.8 1A3091 0N InUTEANS A NVBILUUI1aD4

3.4.8.1 Precision Score (d14n15 9)

. TP
Precision score = ——
TP+FP
TP = True Positive
FP = False Positive
3.4.8.2 Accuracy score (@1n15 10)
TP+TN
Accuracy score =
TP+FN+TN+FP
FN = False Negative
TN = True Negative
3.4.8.3 Recall score (aun1s 11)
TP
Recall score = ——
TP+FN

3.4.8.4 Fl-score (@un15 12)

2XPrecision scorexRecall score

F1 score =

Precision score+Recall score

s
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3.5 WHUNILENIAIAUIUADUNITAITEUNITIVY
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Foya DHI uazdu 4 sagine

\

I9N1561 null ‘

Ingluuuaya ‘

INATeNTOYA

Vs

Cross Validation

nMsafaiiens na l

nsAa@Eenilleed
(Filter technique)

Janizuiiasnaunsiing

PP E— [SIERELE]
MsAALDNWIIDS
(Wrapper technique)
msananeasy
(PCA)
‘ Naive Bayes ‘

K-Nearest Neighbors ‘

auuuTIany
‘ Support Vector Machine ‘
| Random Forest ]

USuwisiiaes
‘ Accuracy score ‘

Precision score l

Recall score ‘

F1 score ‘

AUsEANENIMULLTIABY
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NANISAILLUNISIVY

lun15ideiseini1sduundsennlsaisufsyrvauziuasurinandeyawuuysaiiiu
91N TinsuAswlasldmalinnisiseuivennies gadelarndun1sidelaenis@nwiniy
TunBUA 9 AaeAIUNTIAUTEANSAIN WieliusTagalstasdvasmIdenlafivuald 1o

&
U

>e

1. WadnsveanTIATendeys

2. wadnsveansaianvuaedaglddayannuuulssiivennsisleudsee

3. WAGNSURINTILASIEVTLDDS

4. nadwdveinisadruuusaedagliilinesildannsdmdondeds chi-square

5. wadnsvemsadrwuusaeslasldfiwesilaannisdndensie33 Recursive
Feature Elimination

6. madnvesnsadawuuiiaedaeldiliaesiiléarnnisvii Principal Component

Analysis
4.1 nagwsvaen1Tinszidaya

A5358i ﬁ;ﬁ"ﬁlle]uiiﬂﬁauﬁwmmmﬂ?isuvh (Benign Paroxysmal Positioning
Vertigo) fiamun 114 59 Tavanansoutsld 2 Ussuam Usznoude Tsangnoufiuyuluyduly
wqm%ﬁﬂiwaﬁL§a§LLﬂLLua %39 Posterior canal - Benign Paroxysmal Positioning Vertigo
(PC-BPPV) 64 s1e3oAnu 56.1% uay lsangneufiuyuluyduluvanvinsedsouvea
WALUA %30 Horizontal canal - Benign Paroxysmal Positioning Vertigo (HC-BPPV) 50 518
viefnu 43.9% laswuilsaioursusvnndiourimuldlufineoigiud 20 3 §1 84

lnedoneade 52.64 Vaslndifsiuengnievegie BPPY luwesudl [11] Felsaioufisus

a ! v A

4 2 wiindulngnuluyieny 50 - 60 U Asuanslunimdsenau 26
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70-80
(4]
: o<
oo
o -
I U U I I U I U
0 5 10 15 0 5 10 15
frequency (hcb) frequency (pcb)

ANUTENOU 26 NTINUINEIIANUAT NVl sAEURATYrUMBIUREW YilngeSeounea

LALUA WazlnaSysLALLa

4.2 wagwsvasnsadisuuudnaadlaglddoyaanuuulssiiuanisindsufses

dleatrauvusiassiuunysuanlsaiadeudsvevazasuintasfvualiines
912U 26 Waesd lawn age, P1, E2, F3, P4, F5, F6, F7, P8, E9, E10, P11, F12, P13, F14,
E15, F16, P17, E18, F19, E20, E21, E22, E23, F24, P25 lpgn1nualy diagnosis %30
Ussamvadlseiadsufsuadufinesussinvanua uasudsoyaiomndu 2 diufe 80%
vostoyatamunduteyaililumsainauuusiaes (training set) way 20 % vesdoyaavun

Hudeyaildlun1sTausednsnmuesuuusnass (testing set) lngasrauuuiiananae

Y

[

Pan3dNNIMUA 4 8ane3ou LA Random forest, Naive Bayes, SVM wag KNN Lagni

W1518mesvatusazkuuIIaeliUssansnmnananlaeldiniedie GridSearchCV uay
RandomizedSearchCV lneiisnuastdunvanisndinesuasUssansnmuausashuuinged

AINITI 2
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A15719 2 WI90LM05 AT UTEANTANVBILUUINABI9WUNUSENNISAI I g UAT we vtz URg Y

usardanessy lagldiivesanuuulszilivennsiadeufisyeuaro1gvaeUie

Algorithm parameter Accuracy Precision Recall F1-Score
(%) (%) (%) (%)

Gaussian priors=None

54.27 53.41 53.61 53.35
Naive Bayes
K-Nearest n_neighbors=21, p=1,

52.61 50.44 51.18 49.69
Neighbors weights='distance'
Support C=1, degree=2, gamma=0.1,
Vector kernel="poly' 57.04 56.59 56.12 55.32
Classification
Random n_estimators=30, max_depth=6,
Forest max_features= "auto’,

57.87 60.04 54.18 55.31

min_samples_split=10,

min_samples_leaf=14

Y @ 1 a a [ a =
NAAINAIIN 2 WERSIALALINUSEENENINY8IN1TTUNEUSTENNVBILS D UATwE VY

Wasuvnlukdazuuudasadelufine n1sniilesimuzauazniseaaaniiaesidulsn

v 6

BN UIUTEANTAINUBILUUIIADIS AIUUNITHIAIUFUNUS TS

daldTunisanfiunsideiediglunsmiaesimansauda

£

=

VU

4.3 HAANSVRINTAATIZINIRBId S UaS 199195 (feature engineering)

WaesFududunou

Wvesnlvluyadeyawuulseiiuenn1sisdgudsee (Dizziness Handicap Inventory)

(%
Y

IS | 1 b4 1 ¥ g./l vV Y1
UNINUA 26 Wans UTeNaUNIBAZLUUINNLUUNAABULARSUDVIIVUA 25 UD EJ’]EJ:UENQ‘U'JEJ

WATUTLNNVDIL AL UAT LI UAT UV el PALLULIINLUUNAABULAREIDNINUA 25
o uwazorgvesgUiadududsdu wazlilssinvvedlsadoudsvsvanuasuvindududs
AL INUUNIANUFUNUSVRINAALAILUS A ITdUUSLANTandUNUShU UL SdU

(Pearson’s Correlation) laaanmusenau 27
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age

P1

P4

08

F5

F6

E10

Pi1

Fl4

E18

F19

e Wﬁw. b

E2 F3 P4 F5 F6 F7 P& E9 E10 P11 F12 P13 F4 FEI5 FI6 PI7 E8 FI19 E20 E21 E22 E23  F24 P25 diagnosis
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WIaN15NAdUUTEANTANAUNUSLUULRES AUV IAAZAIBUTAUNUAILUTAILLA?

o a £ v o & =

wuFUsIUNdAdUsEAnSanduiusgegane azuuunden 7 (F7) uay Uai 23 (£23)

a1

Yo3yAvaLaUTHiIUueINTINEUATYE e HANduUseAnSanduiug 0.25 Aslunminiduys

(% 1

Meapsunas1adindsing dnaziianuduiusiusuusanuuindusazlamulsiduiiaes

'
v A 1 [y o

APz UILUUIIRRIAIUSEANS AT NUINTULS B 1anaseswUs v Ao FaukUs

o

=2

F7_E23 UANIINNATINVBIALUUNAINTDN 7 (F7) was AzhuuaNTeN 23 (E23) War1uin
AduUTzaANSanduiusvasfiuys F7_E23 Ausudsniu wuinlaaiduussansandunus
0.31 FaunnanArduUssandanduiusvesialusaudu q Audlsau (nndszneu 28)

Aaudad F7_E23 wldlunisadauuudiasdiionouiioulss@ansnneesiuuinass

0.90
0.75
0.60
0.45

0.30

L
[:]
o
£
[

o

k=]

diagnosis

ANUTENOU 28 Lansrdnuseandanduiusiuuiesdunes F7_E23 isudu F7 uay £23
4.4 waansvaIn1saiuuuIasdlneldfinesiléannisandendaeds chi-square

lunsAndeniliaesaigis chi-square §338lanAn chi-square vasuiariliaes ¢
A o oA a cala 1 . Y v ° | Y] ac '
M504 3 LBAALABNWLIBINUAN chi-square qqmﬂﬁuaimwumaaﬂuLmagaaﬂaiﬁm Tagan
. = I a 1 | 6§ v a a a |
chi-square ALWAAIDIANULTUDATEIEUININLDSAUUTLNNVDILS AV Y UAT BE VUL U A8 UYIN

WiesAie chi-square Nigauansitfliestuiarududasziuussinnvedsaisufsue
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wauzdsurintes wavtufiwesniianudfynenisdinunlseinnlsaioudsvevasiuaou

71370

M50 3 AN chi-square YBIRBFAINNUUNAGOURINITINIEUATYE 018 Wag F7_E23

a19v Naes chi-square
1 F7 E23 17.3165405405000
2 E15 9.48892857143000
3 E23 8.98565217391000
4 F7 8.66284482759000
5 P8 6.08950495050000
6 F24 4.38020833330000
7 E18 3.90328804348000
8 E22 2.97037500000000
9 P11 2.81535000000000
10 P4 2.74620192308000
11 E10 2.74620192308000
12 F16 2.70172535211000
13 F3) 2.68508474576000
14 age 2.27525099983000
15 F6 1.96765957447000
16 E20 1.73069767442000
17 F5 1.41323529412000
18 E9 1.31011467890000
19 F12 1.19019396552000
20 P13 1.13645569620000
21 P1 0.94531250000000
22 E21 0.58782608695700
23 F19 0.13230000000000
24 E2 0.08978000000000
25 P17 0.00207627118644
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4.4.1 wuuInaesias19nie9anasou Naive Bayes

AMsad1anuUsIanidaedane3sy Naive Bayes tu 1814 SelectkBest titowmsuau
Tefifien chi-square snfigeuldlunisairauvudiass lngwuirdidwauiiaesividu 6
Tvein accuracy gafign fanmuszneu 29 udeniliaediiil chi-square gean 6 ddu T
F7_E23, E15, E23, F7, P8 way F24 Tun15a519luudnasssigdanasoy Naive Bayes waglit
AUsEANT AW Fad Accuracy 0.6751, F1 score 0.6595, Recall 0.6597 Wag Precision

0.6720

Feature Selection (Chi-square) of Naive Bayes Model

068 -
'eatures =6 , Accuracy score =0.675098814229

accuracy score

5 10 15 20 25
Number of Selected Features

AMUTENDU 29 UIURNLRBsIaAN accuracy WeoltHiaeinisusarnuniy Chi-Square Tu

NSES UL IaRIMEana3ou Naive Bayes

4.4.2 wuUSBRTiad19dae8anassu K Nearest Neighbors (KNN)

'
a1

ASE319LUUIIAD99I80aND35U KNN 1u 1ald SelectkBest wiNam1auIURL05NLIAN

chi-square un#igaunldlunisadrawuudnaes lnenuimdnuiuiiaaswindu 5 lee

' (%
a (%

accuracy @31gn AenImUsenay 30 AstuIAaenTllaesnil chi-square gegn 5 a1Ru Lo
&

F7_E23, E15, E23, F7 uag P8 ilouumsilnesiily accuracy gega o algorithm: brute,

q

n_neighbors: 15, p: 1, weights: distance T#iA1Usz@n5a1w Asll Accuracy 0.6494, F1

score 0.6226, Recall 0.6264 LLaz Precision 0.6553
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Feature Selection (Chi-square) of KNN Model

eatures = 5 | Accuracy = 0 649407114625 = accuracy score

052 - ' ' '
5 10 15 20 25
Number of Selected Features

AMMUTENDU 30 LAMTIUILTLDSUAZAT accuracy Waldlaassesanusie Cih-square

lumsasisiuuinassmedanasoy K-Nearest Neighbors
4.4.3 WuuINaINas19n189ana35u Support Vector Machine (SVM)

A1SASIUUINRDIA8DaNDIoU SYM U 1ald SelectkBest Lian1d1uIURL0sAl
| . N o ° I a o a ¢ 1w P
A1 chi-square 11nAdaNTlglunsasiwuudiass lngnuimiwiuiiaesiindu 5 T
=}

PN [ o g.JI =2 | saa . [ 1% 1
accuracy geiga Aen1nUsEneU 31 AwuIadeniliaesiill chi-square a1an 3 adu laun

F7 E23, E15 wag E23 dlousunisafiwmesilian accuracy geanfe C 4, degree: 1,

e

gamma: 0.1, kernel: 'poly, decision_function_shape: 'ovr' wazliA1Usz@nsnn aell

Accuracy 0.6403, F1 score 0.6263, Recall 0.6273 Wag Precision 0.6406
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Feature Selection (Chi-square) of SVYM Model

064 - ‘eatures = 5, Accuracy = 0.640711462451 —— accuracy score

I 1 1 1 1
5 10 15 20 25
Number of Selected Features

AMUTENDU 31 hansduIulaesuazAn accuracy Weldiaesisesanusie Chi-Square

lunsadranuuinaesmigdanessy Support Vector Machine
4.4.4 wuUINABINAS19AWAND354 Random Forest

N9A5 19 UUI1AD99888N8553 Random Forest 1u bkt SelectkBest wiiayna1uIu

saa

Taesifian chi-square unfigruldlunsairauvudiass lnewuiriidauiiaedivindu 5
Tsiein accuracy gefign fanmdsznou 32 feduladenfilaesiid chi-square gega 5 ddfu
loun F7_E23, E15, E23, F7 wag P8 wazUdunisafiwesfilian accuracy gegn Ao
max_depth: 25, max features: ‘sqgrt’, min_samples leaf: 3, min_samples split: 9,
n_estimators: 38 wagliA1UszanSaimuuusiaes ¢l Accuracy 0.6312, F1 score

0.6263, Recall 0.6110 waz Precision 0.6281



a3

Feature Selection (Chi-square) of RF Model

eatures = 5 , Accuracy = 0.666403162055 ——— accuracy score

0.65

0.60

0.55

0.50

045
I5 1‘0 1‘5 2:3 2‘5
Number of Selected Features
AMUTENDU 32 Lansdnuiuiliaesuazal accuracy WeldHiaeinisusanuaiy Chi-Square

Tunsas1awuvaandnedanassy Random Forest

4.5 naansvaIN1sad1nuvInaaslagldilaasnlaainnisanaandeis Recursive

Feature Elimination (RFE)

n1sAndeniliaeslaely Recursive Feature Elimination laAinuaidlunisin
AR TeITaes (Feature Importance) Tnsuuadu 2 wuu e Tuwuusiassiiadue
$ane3%u Random Forest a¢ldfiasfiunainnisdmdonsie RFE fiFusdduninuddayves
Haeslaeindedn Feature Importance 3sldannisinfiaesluldlusuusiass Random
Forest Classifier wazlunuusiassfiadrediesanasiu Support Vector Machine asld
Fesfinnannisfnidendie RFE #ifadnern Coefficient dauuuusdiass Naive Bayes wae
K Nearest Neighbor lai@ 15019 Feature Importance wag Coefficient Tun1sAataan

Awesie RFE 1o

4.5.1 wuuInassfias19nie9anasou Support Vector Machine
Wield RFE @19 Coefficient TannudiAgvesiiaes lun1sdndeniliaesluluuiiasy
M1a3199789an8350 SYM wunduiuiliaesilian accuracy afigafe 6 auamuszney

33 FeUszneumeioes F7_E23, E2, E21, F19, P17, P25 WazUsun133itma$9auuuinass
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16 kernel: 'linear', C: 1, degree: 1, gamma: 0.1 4l9Usz@nTAIMVLILUUTIADY AL

Accuracy 0.6569, F1 score 0.6341, Recall 0.6381 wag Precision 0.6532

RFECV for SVC

070 - n_features = 6

score = 0.622

065 -

060 -

055 -

Score

050 -
045 -

040 -

0 5 10 15 20 25
Number of Features Selected

el A

ANUIENBU 33 LansduIuillaesuazAl accuracy WaldiliaesnAnldenaie RFE aeu
AMNEIREYURILE51n Coefficiency Tun15a519MUUTIaBIRIBEaND3DH Support Vector

Machine

4.5.2 wuUSaesTiad1afaesanassu Random Forest
dlol4 RFE 14 Feature Importance luni1sinuadifuainudidyaes
Hwes lunsdndenfiweslunuusiaesiiad1ssedanadiu Random Forest WU3131UIY
Hves7lwan accuracy qqﬁqmﬁa 12 munndsenau 34 SaUsznausieilians ace, F24,
E20, F19, F14, P25, F12, P11, P13, F7_E23, F3 uaz P8 lagUsunisnfineosla max_depth:
42, min_samples_leaf: 5, min_samples_split: 11, n_estimators: 18 Felviuseansan

LUUTaD ﬁdﬁ Accuracy 0.6229, F1 score 0.5532, Recall 0.5987 wag Precision 0.6197

AN 4 SrnuANdIRYeslieIinlagly Feature Importance Medanaidu Random

Forest

Features | age | F24 | E20 | F19 | F14 | P25 | F12 | P11 | P13 | F7_E23 | F3 | P8 | F7

Ranking | 1 2 3 4 5 6 7 8 9 10 11 |12 | 13
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AN519% 4 ()

Features | E9 | P1 | E15 | P4 | P17 |E2 | F5 | E16 | E18 | E21 | E23 | F6 | E10 | E22

Ranking |14 |15 |16 |17 (18 |19 (20|21 |22 |23 |24 |25]|26 |27

RFECV for RandomForestClassifier

n_features = 12
score = 0.579

I
I

065 - |
]

]

I

I

060 - -

055 -

050 -

Score

045 -

040 -

035 -

v} 5 10 15 20 25
Number of Features Selected

'
= [y

ANUIENBU 34 LansduIuilleesuazAl accuracy Waldiaesnanidenaie RFE a6y
ANUAIAYVOILIDFIIN Feature Importance Tun1sasuuInasIsIesanaidy Random

Forest

4.6 HaaNsVaINTEs1LUUIIaalngldlReaINlAa1NN159i1 Principal Component

Analysis (PCA)

4.6.1 wuuINaesas19n189ana3su Naive Bayes
Wan1eaAUsEnouly Accuracy Angalun1suSuliannesate PCA wudnla
23AUTENBUNLR8IWINAU 17 muamUsenau 35 laguwuudiassasduse@nsainail

Accuracy 0.6332, F1 score 0.6197, Recall 0.6209 wag Precision 0.6282
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= accuracy score
n_components = 17 , ABcuracy = 0.633201581028

i i i i i
5 10 15 20 25
Number of Components to Keep

AMUIENBY 35 IUINAIUUTENOUNEINTARLENAMSNYULLALUNADIAIEY PCA uazA)

accuracy lun1sas1aluUIIaInIgdanason Naive Bayes

4.6.2 WUUSRRTaZ198288ana35u K Nearest Neighbors

don103dUsenouiilil Accuracy Afgalunisuiuddfiaessie PCA wuinld
paAUsENBaUTLRDSWINAU 8 mun nUsEnaU 36 wasUsun1sfiwmesle algorithm: brute,
n_neighbors: 22, p: 1, weights: uniform wuusaesaziiusEAnS Al Accuracy score

0.6142, F1 score 0.5663, Recall score 0.5841 Lag Precision score 0.6124

058 -

n_comppnents = 8 , Accuracy = 0.578260869565 accuracy score

i i i i i
5 10 15 20 25
Number of Components to Keep

AMNUTENBY 36 TIUINAIUUTTNOUNAINTARLENAMANYLALUNABIAIEY PCA uazA)

accuracy MIASESILUUTaRIRIEEAn3oN KNN
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4.6.3 WUUIAINE319A289ana354 Support Vector Machine
Wen109AUTENa Uity Accuracy Aanlun1susuiifniaesaie PCA wudnla

99AUIZNOUNLIRINAY 13 aunmUsznau 37 warUsunisflmesia C: 1, degree: 1,

[
v a

gamma: 0.1, kernel: poly, decision_function shape: ovr kuud1a039zdUsednsninaal

Accuracy: 0.5708, F1 score 0.5482 Recall 0.5525 ag Precision 0.5612

057 - accuracy score

n_components = 13 , Afcliracy = 0.569960474308

é 1‘0 1‘5 2;) 2‘5
MNumber of Components to Keep
AMNUIENDU 37 TUIUAIUUTENOUNRINSARLENAME NYTIALTIIaSAY PCA waza

accuracy MINITASIUUUTIADIIEDaNDIoN SYM

4.6.4 uwuUIRasias1efaedanassa Random Forest

on1eedUsznouilil Accuracy Afgalunisuiuiafiaessie PCA wuinld
99AUTZNOUNLRO VAU 9 auamUszneu 38 wazusunis1dmesld max depth: 31,
max_features: auto, min_samples_leaf: 14, min_samples_split: 9, n_estimators: 38
LuUsiaeeasiiusyaniaaneed Accuracy 0.6308, F1 score 0.5798, Recall 0.6018 wae

Precision 0.6243



n_components = @, Acquracy = 0.622924901186

accuracy score

062 -

060 -

058 -

056 -

! '
5 10 15 20 25
Number of Components to Keep

AMNUIENDU 38 IMUIUAIUUTENOUNRINITARLENAME NYsIALTIIaTAIY PCA wagA

accuracy UNSES1NLUUIADIRI88aN0354 Random Forest

a8
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M3 5 UanUsEAnSAmuULTIaeIasIntnreillae iy uagdana3tuisineiu

38015 danasou Awes @wuiiaes) Accuracy | Recall | F1 | Precision
NI score score | score score
Waas (%) (%) | (%) (%)
- GNB age, P1, E2, F3, P4, F5, F6, F7, | 54.27 53.61 | 5335 | 5341
KNN P8, E9, E10, P11, F12, P13, 52.61 51.18 | 49.69 | 50.44
SVM F14, E15, F16, P17, E18, F19, | 57.04 56.12 | 55.32 | 56.59
RF E20, E21, E22, E23, F24, P25 | 57.87 54.18 | 55.31 | 60.04
(26)
Aindon GNB F7_E23, E15, E23, F7, P8, F24 | 67.51 65.97 | 6595 | 67.20
Waaslay (6)
Filter KNN F7 _E23, E15, E23, F7, P8 (5) 64.94 62.64 | 62.26 | 65.53
Method - SVM F7 E23,E15,E23 (3) 64.03 62.73 | 62.63 | 64.06
chi-square | RF F7_E23, E15, E23, F7, P8 (5) | 63.12 61.10 | 62.63 | 62.81
AnLEen GNB - - - - -
Waeslay KNN - - - - -
Wrapper SVM F7_E23, E2, E21, F19, P17, 65.69 63.81 | 63.41 | 65.32
Method - P25 (6)
RFE RF age, F24, E20, F19, F14, 62.29 59.87 | 55.32 | 61.97
P25, F12, P11, P13,
F7_E23, F3, P8 (12)
Feature GNB n_component = 17 63.32 62.09 | 6197 | 62.82
Extraction- | KNN n_component = 8 61.42 58.41 | 56.63 | 61.24
PCA SVM n_component = 13 57.08 55.25 | 54.82 | 56.12
RF n_component = 9 63.08 60.18 | 57.98 | 62.43

LUUdIa0aniusEansnInigalnainn1sas1eniedanessy Gaussian Naive Bayes

Tneldaasuun1sAaldenaay chi-square tAWA F7_E23, E15, 23, F7, P8 uay F24 laglien

Usz@n8an f9ll Accuracy score 67.51%, Recall score 65.97%, F1 score 65.95% Wag

Precision score 67.20%
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S18aZ9UALAAN MY LN

#import package #duiu

'pip install pandas-profiling
import pandas_profiling
from sklearn.ensemble import ExtraTreesClassifier
import os

import pandas as pd

import numpy as np

from sklearn.model selection import RandomizedSearchCV
from scipy.stats import zscore

from sklearn import metrics

from sklearn.model_selection import train_test_split
from sklearn.model_ selection import cross_val_score
from sklearn.model_selection import cross_validate
from sklearn.model_selection import ShuffleSplit
from sklearn.metrics import accuracy score

from sklearn.metrics import precision score

from sklearn.metrics import recall score

from sklearn.metrics import fl_sco;e

from sklearn.decomposition import PCA

import seaborn as sns

from sklearn.ensemble import RandomForestClassifier
from sklearn.model_selection import GridSearchCV
from sklearn.feature_selection import RFE

from sklearn.datasets import make_classification
'pip install yellowbrick

from yellowbrick.features import RFECV

from sklearn.model selection import StratifiedKFold
from sklearn.linear model import LogisticRegression
from sklearn.svm import SVC

from sklearn.naive_bayes import GaussianNB

from sklearn.neighbors import KNeighborsClassifier
from sklearn.feature_selection import SelectKBest
from sklearn.feature_selection import chi2

import matplotlib.pyplot as plt

from sklearn.ensemble import RandomForestClassifier
import statsmodels.formula.api as smf

import matplotlib.pyplot as plt

import seaborn as sns

%matplotlib inline

i Inaddoua
os.chdir('C: \ 5
file name = 'b Xlsx'

df = pd.read excel(file name)
df

#emodlii null we:

df.isnull().sum()) .sort_values(ascending=False)
df.drop("nyst",axis=1,inplace=True)

#pmuandundaya

pandas_profiling.ProfileReport (df)

df.describe()

#aiw Age distribution
df[df['diagnosis']=="pchb']['age'] .mode ()
fig, axes = plt.subpleots(l, 2)

datal = df[df['c
data2 = df [df[
plt.title(":
axes[0] .hist (x=datal,color='"red")
axes[1l] .hist (x=data2)
fig.tight_layout ()

#afwage distribution lavwhewsey
def combine age (age):

if age<30:
return ' 30!

if age == 320 or age>30 and age<40:
return '30-40"

if age == 40 or age>40 and age<50:
return '40-50"

if age == 50 or age>50 and age<i(:
return '50-60"

if age == 60 or age>c(l and age<7i0:

53



73 return '60-70"7
4

7 if age == 70 or age>70 and age<80:

15 return '/0-80"

16 if age == 80 or age>80:

77 return "800+

78 else:

79 return age

80

81 df_age_distribution = df.copy()

82 df_age_distribution['ace']=df_age_distribution['age'].apply(combine_age)
83 df_age = df_ age_distribution['age'].value_ counts()

df_age.values
85 df_age _pcb =

df age distribution[df age distribution['diagnosis'l=='pch']['age'].value counts()
86 df _age_hcb =

df age distribution[df age distribution['diagnosis']l=='hchb']['age'].value counts()

87 fig, axes = plt.subplots(l, 2,figsize=(8,5))

88 agel = df_age_hcb.index.tolist ()

89 countl = df_age_hcb.values.tolist()

90 age2 = df_age_pcb.index.tolist()

91 count2 = df_ age_pcb.values.tolist()

92 axes[0] .barh{agel, countl, height=0.5, align='center',6 color='crimson')

93 axes[0] .set_xlabel('frequency (hcb)")

94 axes[0] .set_ylabel('age')

95 axes[l] .barh(age2, count?, height=0.5, align='center', color='darkblue')

96 axes[1l].set xlabel('frequency (pch)');

Q7

98 sns.distplot(df[df['diagnosis']=="pchb']['age'] , color="skyblue", label="pch")

99 sns.distplot(df[df['diagnosis']=="'hck']['age'] , color="red", label="hcb")
100 sns.despine(offset=20, trim=False)
101 #uldsupluwueas diagnosis Tudsyanndasilwituduay

102 df['diagnosis'].replace(['hcb', 'pcb'],[1,0],inplace=True)
103 #3aEvaians

104 df = df[['no', 'onset', ‘age', 'P1', 'E2', 'F3', 'P4', 'F5', 'F&', 'F7', 'P8',
105 'E9', 'E10', 'P11', 'F12', 'P13', 'F14', 'E15', 'Fl&', 'P17', 'E18',
106 'F19', 'E20', 'E21', 'E22', 'E23', 'F24', 'P25', ‘'diagnosis']]

107 #5y label uasdoyadmdufin

108 Y=target = df.loc[:, 'diagnosis']

109 X=data = df[['age', 'P1', 'E2', 'F3', 'P4', 'F5', 'Fe', 'F7', 'P8',

110 'e¢', 'El0', 'P11', 'F12', 'P13', 'Fl4', 'E1l5', 'Flé', 'P17', 'El8',

111 'F19', ‘'E20', 'E21', 'E22', 'E23', 'F24', 'P25']]

112 #gAnuddnvesiliaes

113 model = ExtraTreesClassifier(random state=42)

114 model.fit (X, Y)

115  model.feature_importances_

116  indexes = ['age', 'P1', 'E2', 'F3', 'P4', 'F5', 'F6', 'F7', 'B8',

'‘e10', 'p11', 'r12*, 'p13', 'ri4‘', 'eEl5', 'fFle', 'p17', 'El8',

118 'F19', 'E20', 'E21', 'E22', 'E23', 'F24', 'B25']

119 feature imp = pd.Series(model.feature importances ,
index=indexes) .sort_values (ascending=False)

120 ax = feature_imp.plot(kind='bar',color="blue’)

121 ax.set(ylabel='Feature Impor e')

122

123 # atwudaoidn GNB  Tndlefmatiivun

124 gnb_clf = GaussianNB()

125 cv = 5 #Amuammmidoyadminih Cross Validation woveaouwuusdraoutu 5 dm

126 flscore = cross_val_score(gnb_clf,data,target, cv=cv,scoring='fl macro')
#HausAnsnmvsswudadladld £1-score

127 accscore = cross val score(gnb clf,data,target, cv=cv) #pusmBnmuaswudaodanld accuracy
score

128 recallscore = cross val score(gnb clf,data,target, cv=cv,scoring='recall macrao')
#HausAmdnmusawuudasdadld rgcalf score B B

129 pscore = cross val score(gnb clf,data,target, cv=cv,scoring='precision macro')
#HaussanBnmvsswuhasdadld precision score a

130 f_gnb = np.mean(flscore) #wenivundnsansnm fl-score #ldimua 5ah

131 acc_gnb = np.mean{accscore) #mewndveadusAninm accuracy score fldimua 5 ad

132 r_gnb = np.mean(recallscore) #wdwiveosusavdnm recall score dldimun 5 ad

133 p_gnb = np.mean(pscore) #wrAuafvvairusantmmprecision score #lifmie 5 ad

134 print ('Accuracy:', acc_gnb)

135 print ('Fl score:', £ gnb)

136 print ('Recall:', r gnb)

137 print ('Precision:', p_gnb)




139 # ahawudrassdin KNN  Tndldiaesiionn

knn = KNeighborsClassifier()

#uwnndeod

k_range = list(range(l, 31))

p = [1,2]

weights=['distance','uniform']

param_grid = dict(n_neighbors=k_range,p=p,weights=weights)

grid = GridSearchCV(knn, param_grid, cv=5, scoring='accuracy')
grid.fit(X,Y)

print(grid.best_params_)

print(grid.best_estimator )

#ipUsAmBnmwssuuudnasy

clf KNNd = KNeighborsClassifier (n neighbors=2,p=1,weights='distance')
flscore = cross val score(clf KNNd,data,target, cv=cv,scoring='fl | .
accscore = cross val score(clf KNNd,data,target, cv=cv)
recallscore = cross_val_score(clf_ KNNd,data,target, cv=cv,scoring='recall macro')
pscore = cross_val_score(clf KNNd,data,target, cv=cv,scoring='precision macro')
f_knn = np.mean(flscore)

acc_knn = np.mean({accscore)

r_knn = np.mean(recallscore)

p_knn = np.mean(pscore)
print ( uracy:', acc_knn)
print ::', f£_knn)
print , r_knn)

print ('Precision:', p knn)

# ahawviaosdin SVM  Tndldiaesiionn

#uwnnilmad

C=range(1,10)

degree = range(l,3)

gamma = (0.1,5)

param_grid=dict (C=C,degree=degree, gamma=gamma)

grid=GridSearchCV(SVC( kernel='poly',decision_function_shape='ovr',
random_state=42) ,param_grid, cv=5)

grid.fit(X, Y)

print(grid.best_params_)

print(grid.best_estimator )

#ipUs=Amnmwssuuuinasy

clf sSvVC = SVC( C=1,degree=2,gamma=0.1,kernel='poly’',decision function_shape='ovr',
random state=42)

177 flscore = cross_val score(clf SVC,data,target, cv=cv,scoring='fl macro')
178 accscore = cross val score(clf SVC,data,target, cv=cv)

179 recallscore = cross_val_score(clf_SVC,data,target, cv=cv,scoring='recall ma
180 pscore = cross_val_score(clf_ SVC,data,target, cv=cv,scoring='precision m:
181 f_svc = np.mean(flscore)

182 acc_svc = np.mean(accscore)

r svc = np.mean(recallscore)

p_svc = np.mean(pscore)

print (' 72!, acc_svc)

print (' , f£_svc)

print ('Rec , r_svc)

print ('Precision:', p_svc)

# athawudiassie Random Fores tladdfimofifmun
n_estimators = list(range(2, 50))
max_features = ['auto', 'sqgrt']
max_depth = list(range(2, 50))
min samples split = list(range(2, 20))
min samples leaf = list(range(2, 20))
random grid = dict(n estimators= n estimators,
max features = max features,
max_depth= max_depth,
min_samples split= min_samples_split,
min_samples_leaf= min_samples_leaf)
rf = RandomForestClassifier(random_state=42)
rf_ random = RandomizedSearchCV(estimator = rf, param distributions = random_grid,
n_iter = 50, cv = 5,

! verbose=2, random_state=42, n_jobs = -1)
204 rf_random.fit (X, Y)
205 rf random.best params_
206 #ausAmsnwoanuudiaos
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clf RFC = RandomForestClassifier(max depth=6,max features='auto',min samples leaf=10,
min_samples_split=14,n_estimators=30,random_ state=42

accscore = cross_val_score(clf RFC,data,target, cv=cv)

recallscore = cross_val_score(clf RFC,data,target, cv=cv,scoring='recall mac
pscore = cross_val_score(clf RFC,data,target, cv=cv,scoring='precision mac
F1_RFC = np.mean(flscore)

acc_RFC = np.mean(accscore)

recall RFC = np.mean(recallscore)

p_RFC = np.mean(pscore)

print ('Accuracy:', acc_RFC)

print ('F1 ore:', F1_RFC)

print ('Recall:', recall RFC)

print ('Precision:', p_RFC)

# wiandnlsAnSanduiusivuisfiuousiazliaod

df2 = df[['age', 'P1', 'E2', 'F3', 'P4', 'F5', 'F§', 'F7', 'EB8',
'E9', 'E10', 'P11', 'F12', 'P13', 'Fl4', 'E1S5', 'Fl16', 'P17', 'E18',
'F19', 'E20', 'E21', 'E22', 'E23', 'F24', 'P25',

'diagnosis'] ]#@masufnasmuuuulsdiuainsiaioudse:
fig, ax = plt.subplots(figsize=(20,20))
sns.heatmap (df2.corr (method='pearson'), annot=True, fmt="
#atanrvuasrdnlsAnSanduviusivuniodiu
#ataiaof F7_E23
F7 E23 = df['F7']+df['E23"]
df['F7 E23'] = pd.Series(F7 E23)
# wdndnlsAndanduiugivunisfiwwenodhuifivuiufaodin
df3 = df[['F7','E23', 'F7 E23','diagnosis']]
fig, ax = plt.subplots(figsize=(10,10))
sns.heatmap (df3.corr (method='pearson'), annot=True, fmt="

2£",linewidths=.5, ax=ax)

£",linewidths=.5, ax=ax)

# The Recursive Feature Elimination (or RFE)
# RFE with RF

y=target = df.loc[:, 'diagno "1

X=data = df[['age', 'P1', 'E2', 'F3', 'P4', 'F5', Py,
'e9', 'eEio0', 'p11‘', 'fF12', 'P13', 'F14', 'E15', 'pP17', 'E18',
! y', 'E20', 'E21', 'E22', 'E23', 'F24', 'P25', 'F7 E23']]

cv = StratifiedKFold(5)
rfe = RFECV(RandomForestClassifier (random state=42), cv=cv, scoring='a
rfe.fit (X,y)
rfe.poof ()
#3udduamnuddnuosiiiaed
ranking_ds=pd.DataFrame ({"Features":X.columns})
fit=rfe.fit(X,vy)
ref_ranking=rfe.ranking_
ranking ds['Ranking']=ref ranking
ranking ds = ranking ds.sort values(by='Ranking', ascending=1)
ranking ds
ranking_ds['Features'].tolist()
#adruwudiast wasfuwsfimed
Xnew = df[['age','F24','E20','F19','F14','P25"','F12','P11"','P13',"F7 E23','F3','P8',]1]
n_estimators = list(range(2, 50))
max_features = ["auto', 'sgrt']
max_depth = list(range(2, 50))
min_samples_split = list(range(2, 20))
min_samples_leaf = list(range(2, 20))
print(n_estimators,max_features,max_depth,min_samples_split,min_samples_leaf)
random grid = dict(n estimators= n estimators,
max_features = max_features,
max_depth= max depth,
min samples split= min_samples split,
min_samples_leaf= min_samples_leaf)
rf = RandomForestClassifier(random_state=42)
rf_random = RandomizedSearchCV(estimator = rf, param_distributions = random_grid,
n_iter = 50, cv = 5,

verbose=2, random_state=42, n_jobs = -1)
rf_random.fit (Xnew, Y)
rf_random.best_params_
#ipuszAvBnmuaanuudnaos
clf RFC =
RandomForestClassifier (max_depth=42,max features='sqri',min samples_ leaf=5,min samples



W W W

d s W

@

[}

wWWwwww

_split=l11,
n _estimators=18,random state=42)
accscore = cross_val_score(clf RFC,Xnew,target, cv=cv)
recallscore = cross val score(clf RFC,Xnew,target, cv=cv,scoring='r
pscore = cross_val_score(clf_ RFC,Xnew,target, cv=cv,scoring='precis
F1_RFC = np.mean(flscore)
acc_RFC = np.mean{accscore)
recall RFC = np.mean(recallscore)
p_RFC = np.mean(pscore)
print ('Accuracy:', acc_RFC)
print ('Fl score:', F1_RFC)
print ('R« Ll:", recall RFC)
print ('Precision:', p_RFC)

cv

# RFE with SVM

viz = RFECV(SVC(kernel='linear', random state = 42), cv=5, scoring='accuracy")
viz.fit(data,target)

viz.poof ()

#Fued@durmuddgvodiliaad

ranking_ds=pd.DataFrame ({"Features":X.columns})
fit=viz.fit(data,target)

ref_ranking=viz.ranking_

ranking_ds['Ranking']=ref_ ranking

ranking_ds = ranking_ds.sort_values(by='Ranking', ascending=1l)
ranking_ds

ranking ds['Features'].tolist()
#Ua’umﬂﬂm;ﬁ'

y= df.loc[:, 'diagnc
Xnew = df[['F7 E23
C=range(l,10)
degree = range(l,3)

gamma = (0.1,10)

param_grid={"C":C,"degree":degree, "gamma" :gamma}
grid=GridSearchCV(SVC(random_state=42,kernel='poly') ,param_grid=param grid,cv=5)
grid. fit (Xnew,y)

print(grid.best_params_)

print(grid.best_estimator )

#iausAmnmwssuuuinasy

clf SVC = SVC( C=1,degree=l,gamma=0.1,kernel="'poly',decision_function shape='ovr'
random state=42)

flscore = cross_val score(clf SVC,Xnew,target, cv=cv,scoring='fl macro')

accscore = cross val score(clf SVC,Xnew,target, cv=cv)

recallscore = cross_val_score(clf_SVC,Xnew,target, cv=cv,scoring='recall macro')
pscore = cross_val_score(clf_SVC,Xnew,target, cv=cv,scoring='precision macro')
f_svc = np.mean(flscore)

acc_svc = np.mean(accscore)

r svc = np.mean(recallscore)

p_svc = np.mean(pscore)

print ('Accuracy:', acc_svc)

print ('Fl score:', f_ svc)

print ('Recall:', r_svc)

print ('Precision:', p_svc)

#wwe Chi-square
y= df.loc[:, 'diagnosis']
X= df[['age', 'P1', 'E2', 'F3', 'P4', 'F5', 'F&', 'F7', 'P8',
'Eg', 'El10', 'P11', 'F12', 'P13', 'Fl4', 'E15', 'Flé6', 'P17', 'E18',
'Fl19', 'E20', 'E21', 'E22', 3', 'F24', 'P25', 'F7 _E23']]
test = SelectKBest(score_ func=chi2, k=5)

names = ['
'e¢', 'El0', 'P11', 'F
'F19', 'E20', 'E21',
feature = list()
chi = list()
for n in range(0, len(names)):
test = SelectKBest(score_func=chiZ, k=5)
fit = test.fit(X,y)
feature.append(names[n])
chi.append(fit.scores_[n])

age', 'P1', 'E2', 'F3', 'P4', 'F5', 'F&', 'F7
2', 'p13', 'Fl4', 'E15'

1
E22', 'E23', 'F24', 'P25'

’
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print(names[n], fit.scores [n])
#dmidufiediilen Chi-square swmeluhas
ranking_chi=pd.DataFrame({"ChiSquared": chi,"Features":feature})
ranking chi = ranking chi.sort wvalues(by='ChiSquared', ascending=0)
ranking:chi = ranking:chi [r Features' ,'ChiSquared']]
ranking_chi

#mdwufiaediilf accuracy dfan dodmfanain Chi-square woatuuuudhassd GNB
accGNB = list()
n_features = list()

for n in range(l,27):
Xnew = SelectKBest(chi2, k=n).fit transform(X, y)
x train, x test, y train, y test = train test split(Xnew, target, test size=0.2,
random state=42)
gnb_clf = GaussianNB()
gnb_clf.fit(x_train, y_train)
gnb_pred = gnb_clf.predict(x_test)
accscore = cross_val_score(gnb_clf,Xnew,y, cv=5)
acc_gnb = np.mean(accscore)
accGNB.append (acc_gnb)
n_features.append(n)

ChiZGNB=pd.DataFrame ({"Number of Selected Features":n_features})
Chi2GNB['accuracy score']= accGNB #afwDataFrame swwmfwediaz accuracy dld
Chi2GNB.sort values (by='Number of Selected Features', ascending=1) #dudwvmudmuiined

#atunsmluassmuduiussmivdinouilaediar accuracy wamdwnufvefiilier accuracy aam
NumberofSelectedFeatures = Chi2GNB['Number of Selected Featu
accuracy_score = Chi2GNB['accuracy score']
ax = plt.gca()
plt.title('Feature Selection (Chi-square) of Naive Bayes Model')
Chi2GNB.plot(kind='line',x='Number of Selected Features',y='accuracy score',b ax=ax)
max_index = np.where(accuracy_ score == max(accuracy_score))
accuracy_score_max = accuracy_score[max_index[0] [0]]
NumberofSelectedFeatures_max = NumberofSelectedFeatures[max_index[0][0]]
maxValue = 'features ='+str(NumberofSelectedFeatures max)+' , '+'Rccuracy score

'#straccuracy_ score_max)
plt.annotate(maxValue, xy=(NumberofSelectedFeatures max,accuracy score max))
plt.show()
#HimlszAvsnmwoawuudans
y= df.loc[:, 'diagnosis']

'

X= df[['age', 'P1', 'E2', 'F3', 'P4', 'F5', 'F6', 'F7', 'P8',
'E9', 'E10', 'P11', 'F12', 'P13', 'Fl4', 'E15', 'F16', 'P17', 'E18',
'F19', 'E20', 'E21', 'E22', 'E23', 'F24', 'B25', 'F7 E23']]

Xnew = SelectKBest(chi2, k=6).fit transform(X, y)

gnb_clf = GaussianNB()

gnb clf.fit(x train, y train)

gnb_pred = gnb_clf.predict(x_test)

cv = 5

flscore = cross_val_score(gnb_clf,Xnew,y, cv=cv,scoring='fl macro’')
accscore = cross_val_score(gnb_clf,Xnew,y, cv=cv)

recallscore = cross_val_score(gnb_clf,Xnew,y, cv=cv,scoring='recall macro')
pscore = cross_val_score(gnb_clf,Xnew,y, cv=cv,scoring='precision_mac
f_gnb = np.mean(flscore)

acc_gnb = np.mean(accscore)

r_gnb = np.mean(recallscore)
p_gnb = np.mean(pscore)
print ('Acc :', acc_gnb)
print ('70 ore:', £ gnb)
print (&« L1:", r gnb)
print ('Precision:', p_gnb)
#aflrediild N

selector = SelectKBest(chi2, k=6).fit (X, y)
X.columns[selector.get_support (indices=True)]

vector_names = list(X.columns[selector.get_support (indices=True)])
print(vector_names)

#ndmufofilli accuracy fifan dodmfanain Chi-square woatuuusiaowho KNN
n_features = list()

accKNN = list()

for n in range(1,27):
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Xnew = SelectKBest(chi2, k=n).fit transform(X, y)

x train, x test, y train, y test = train test split(Xnew, target, test size=0.2,
random_state=42)

knn clf = KNeighborsClassifier ()

knn_clf.fit(x_train, y_train)

knn_pred = knn_clf.predict(x_test)

accscore = cross_val_score(knn_clf,Xnew,y, cv=5)

acc_knn = np.mean(accscore)

accKNN.append (acc_knn)

n_features.append(n)

Chi2KNN=pd.DataFrame ({"Number of Selected Features" :n_features})

Chi2KNN['accuracy score']= accKNN

ChiZ2KNN.sort values (by='Number of Selected Features', ascending=1)
NumberofSelectedFeatures = ChiZ2KNN['Number of Selected Features']

accuracy_score = Chi2KNN['accuracy score']

ax = plt.gca()

max_index = np.where(accuracy_score == max(accuracy_score))

accuracy_score_max = accuracy_score[max_index[0] [0]]

NumberofSelectedFeatures_max = NumberofSelectedFeatures[max_index[0][0]]

maxValue = 'features = '+str(NumberofSelectedFeatures max)+' , '+'Accuracy =
'+str(accuracy_score_max)

plt.annotate (maxValue, xy=(NumberofSelectedFeatures_max,accuracy_score_max))
plt.title('Feature Selection (Chi-square) of KNN Model')
Chi2KNN.plot({kind='line',x='Number of Selected Features',y='accuracy score', ax=ax)
plt.show()

#lsumnnilimed

knn = KNeighborsClassifier()

Xnew = SelectKBest(chi2, k=6).fit_transform(X, v)

k_range = list(range(l, 31))

p=1[1,2]

weights=['distance','uniform']

param_grid = dict(n_neighbors=k_range,p=p,weights=weights)
grid = GridSearchCV(knn, param_grid, cv=5, scoring='accuracy')
grid.fit (Xnew,y)

print(grid.best_params_)

print(grid.best_estimator )

#ipUsAmnmwssuuuinasy

clf KNNd = KNeighborsClassifier (n_neighbors=2,p=1,weights='dis
flscore = cross val score(clf KNNd,Xnew,target, cv=cv,scoring=
accscore = cross_val score(clf KNNd,Xnew,target, cv=cv)
recallscore = cross val score(clf KNNd,Xnew,target, cv=cv,scoring
pscore = cross_val_score(clf_ KNNd,Xnew,target, cv=cv,scoring='pre
f_knn = np.mean(flscore)

acc_knn = np.mean({accscore)

r knn = np.mean(recallscore)

1 macro')

p_knn = np.mean(pscore)
print (' racy:', acc_knn)
print core:', f_knn)
print 11:", r_knn)

print ('Precision:', p_knn)
#ndmufeetili accuracy #ias dodmdanan Chi-square woatauuuiaosu SVM
n_features = list()
accSVC = list()
for n in range(1,27):
Xnew = SelectKBest(chi2, k=n).fit_transform(X, y)
svc_clf = SVC( random state=42)
accscore = cross val score(svc clf,Xnew,y, cv=5)
acc_svc = np.mean(accscore)
accSVC.append(acc_svc)
n_features.append(n)

Chi2svC=pd.DataFrame ({"Number of Selected Features":n features})

Chi2sVC['accuracy score'l= accSVC
Chi2sVC.sort_values (by='Number of Selected Features', ascending=1)

NumberofSelectedFeatures = ChiZ2SVC['Number
accuracy_score = Chi2SVC['accuracy score']
ax = plt.gca()

max_index = np.where(accuracy score == max(accuracy score))
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accuracy score max = accuracy score[max index[0][0]]
NumberofSelectedFeatures max = NumberofSelectedFeatures[max index[0][0]]
maxValue = 'features = '+str(NumberofSelectedFeatures max)+' , '+'Accuracy =
'+str(accuracy score max)

plt.annotate (maxValue, xy=(NumberofSelectedFeatures_max,accuracy_score_max))

ax = plt.gca()

plt.title('Feature Selection (Chi-squ
Chi2sVC.plot(kind='line',x="'Number of

re) of SVM Model')
Selected Features',y='accuracy score',ax=ax)

plt.show()
#Udurnmilimod

Xnew

SelectKBest (chi2, k=5).fit_transform(X, y)

C=range(1,10)

degree = range(l,3)

gamma = (0.1,5)

param grid=dict (C=C,degree=degree,gamma=gamma)
grid=GridSearchCV(SVC(random_state=42) ,param_grid,cv=5)
grid. fit (Xnew, Y)

print(grid.best_params_)

print(grid.best_estimator_ )

#HszAvsnmuaauuudnaas

clf SVC = SVC( C=4,degree=l,gamma=0.1, random_ state=42)
flscore
accscore = cross_val_score(clf_SVC,Xnew,target, cv=cv)

recallscore = cross val score(clf SVC,Xnew,target, cv=cv,scoring='recall macro')
pscore = cross val score(clf SVC,Xnew,target, cv=cv,scoring='precision macro")

f sve =
acc_svc = np.mean(accscore)
r_svc = np.mean(recallscore)

p_svc
print
print
print
print

= cross_val_score(clf_SVC,Xnew,target, cv=cv,scoring='fl macro')

np.mean(flscore)

np.mean (pscore)
! > :', acc_svc)
score:', f_svc)
', r_svc)
ision:', p_svc)

#ndmufofilli accuracy #ifan dodnifonain Chi-square woatwuusiaowhu RandomForestClassifier
n_features = list()
accRF = list()
for n in range(l,27):
Xnew = SelectKBest(chi2, k=n).fit transform(X, y)
rf clf = RandomForestClassifier(random state=42)
accscore = cross val score(rf clf,Xnew,y, cv=5)
acc_rf = np.mean(accscore)
accRF.append (acc_rf)
n_features.append(n)

ChiZRF=pd.DataFrame ({"Number of Selected Features":n_ features})

ChiZRF
Chi2RF.sort_values(by='Number of Selected Features', ascending=1)

'accuracy score']= accRF

NumberofSelectedFeatures = ChiZ2RF['Number of Selected Features']
accuracy_score = Chi2RF['accuracy score']

ax = plt.gca()

max_index = np.where(accuracy_score == max(accuracy_score))
accuracy_score_max = accuracy_score[max_index[0] [0]]
NumberofSelectedFeatures_max = NumberofSelectedFeatures[max_index[0][0]]
maxValue = 'features = '#str(NumberofSelectedFeatures max)+' , '+'Rccuracy =
'+str(accuracy score max)

plt.annotate (maxValue, xy=(NumberofSelectedFeatures max,accuracy score max))
ax = plt.gca()

plt.title('Feature Selection (Chi-square) of RF Model')

Chi2RF.plot(kind='line' ,x="Number of Selected Features',y='accuracy score',ax=ax)
plt.show()

#Fiumnmilwad

model = RandomForestClassifier (random_state=42)

Xnew = SelectKBest(chi2, k=5).fit_transform(X, y)

n_estimators = list(range(2, 50))

max_features = ['auto', 'sgrt']

max_depth = list(range(2, 50))
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min_samples_split = list(range(2, 20))
min_samples leaf = list(range(2, 20))
random_grid = dict(n_estimators= n_estimators,

max_features = max_features,

max_depth= max_depth,

min_samples_split= min_samples_split,

min_samples_leaf= min_samples_leaf)
rf = RandomForestClassifier(random state=42)
rf_random = RandomizedSearchCV(estimator = rf, param_distributions = random_grid,
n_iter = 50, cv = 5,

verbose=2, random_state=42, n_jobs = -1)
rf random.fit (Xnew, Y)
rf random.best_params_
ﬁs\;'s:awsrnwm«mua‘waa:
clf RFC = RandomForestClassifier(max_depth=25,max_ features='sqrt', min_samples_leaf=3,
min_samples_split=9,n_estimators=38,random state=42)

accscore = cross_val_score(clf_ RFC,Xnew,target, cv=cv)
recallscore = cross_val_score(clf RFC,Xnew,target, cv=cv,scoring='recall macro')
pscore = cross_val_score(clf RFC,Xnew,target, cv=cv,scoring='precision macro')
F1_RFC = np.mean(flscore)
acc_RFC = np.mean(accscore)
recall RFC = np.mean(recallscore)
p_RFC = np.mean(pscore)
print ('Accuracy:', acc_RFC)
print ('Fl score:', F1_RFC)
print ('Recall:', recall RFC)
print ('Precision:', p_RFC)

selector = SelectKBest(chi2, k=5).fit(X, y)
X.columns[selector.get_support(indices=True)]

vector_names = list(X.columns[selector.get_support (indices=True)])
print(vector names)

# Principal Component Analysis (or PCA)

#mn_components ilWaccuracy maadoatuuuiassts KNN
y=target = df.loc[:, 'diagnos

X=data = df[['age', 'P1', ', 'F6',
'E9', 'E10', 'P11', 'E15°', , 'E18',
'F19', 'E20', 'E21', , 'P25'

n_component = list()
accKNN = list()
for n in range(1,27):
Xnew = PCA(n_components=n,random_state = 42).fit_transform(X, y)
knn_clf = KNeighborsClassifier()
accscore = cross_val_score(knn_clf,Xnew,y, cv=5)
acc_knn = np.mean(accscore)
accKNN.append (acc_knn)
n_component.append (n)

PCAKNN=pd.DataFrame ({"Number of Components to Keep":n_component})
PCAKNN(['accuracy score']= accKNN
PCAKNN.sort_values (by='Number of
n_components = PCAKNN['Number of
accuracy_score = PCAKNN['accuracy
ax = plt.gca()

max_index = np.where(accuracy_score == max(accuracy_score))
accuracy_score_max = accuracy_score[max_index[0][0]]
n_components_max = n_components[max_index[0] [0]]

maxValue = 'n_components = '+str(n_components max)+' , '+'Accuracy =
'+str(accuracy_ score_max)

plt.annotate (maxValue, xy=(n_components_max-2,accuracy_score_max))
ax = plt.gca()

PCAKNN.plot (kind='line',x='Number of Components to Keep',6y='accuracy
plt.show()

#Udumnilimod

Xnew = PCA(n_components=8,random_state = 42).fit_transform(X, y)
knn = KNeighborsClassifier ()

k_range = list(range(l, 31))

p= [1,2]

weights=['distance','uniform']

score',ax=ax)
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param grid = dict(n neighbors=k range,p=p,weights=weights)
grid = GridSearchCV(knn, param grid, cv=5, scoring='accuracy')
grid.fit (Xnew,Y)

print(grid.best params )

print(grid.best_estimator_)

3 O
0o W

]

8 #FHausAnBnmvasuuuanant
9 clf KNN = KNeighborsClassifier(n_neighbors=22,p=1,weights='distance')
0 flscore = cross_val_score(clf_ KNN,Xnew,target, cv=cv,scoring='fl macro')
[ accscore = cross_val_score(clf_KNN,Xnew,target, cv=cv)
recallscore = cross_val_score(clf_ KNN,Xnew,target, cv=cv,scoring='recall macro')

o

pscore = cross_val_score(clf_ KNN,Xnew,target, cv=cv,scoring='precision macro')
f_knn = np.mean(flscore)

acc_knn = np.mean(accscore)

r knn = np.mean(recallscore)

637 p_knn = np.mean(pscore)

638 print ('Accuracy:', acc_knn)

639 print ('Fl score:', f_knn)
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640 print Re 11:", r_knn)

641 print Precision:', p_knn})

642

643 pca = PCA(n_components=8)

644 fit = pca.fit(X)

645 pcascore = fit.explained_variance_ratio_
646 print ("% ained Variance: " ,pcascore)
647 print(fit.components_)

648

649 #mn_components #Waccuracy sandeatuuwusiassdn GNB
accGNB = list()
for n in range(l,27):
Xnew = PCA(n_components=n,random state = 42).fit_transform(X, y)
gnk_clf = GaussianNB()
accscore = cross_val_score(gnb_clf,Xnew,y, cv=5)
acc_gnb = np.mean(accscore)
accGNB.append (acc_gnb)

PCAGNB=pd.DataFrame ({"Number of Components to Keep":n_component})
PCAGNB['accuracy score']l= accGNB

PCAGNB.sort_values(by='Number of
n_components = PCAGNB['IN
accuracy_score = PCAGNB[
ax = plt.gca()

max_index = np.where(accuracy score == max(accuracy_ score))

accuracy score max = accuracy score[max index[0][0]]

n_components_max = n_components[max_index[0][0]]

maxValue = 'n components = '+str(n_components_max)+' , '+'Accuracy =
'+str(accuracy_score_max)

plt.annotate (maxValue, xy=(n_components max-6,accuracy score max-0.005))
PCAGNB.plot{kind='line',x="Number of Components to Keep',y='accura score',ax=ax)
plt.show()

#HauszAandnmeoauuudiao

Xnew = PCA(n_components=17,random_state = 42).fit_transform(X, y)

gnb_clf = GaussianNB()

cv = 5

flscore = cross_val_score(gnb_clf,Xnew,target, cv=cv,scoring='fl macro')

accscore = cross_val_score(gnb_clf,Xnew,target, cv=cv)

recallscore = cross_val_score(gnb_clf,Xnew,target, cv=cv,scoring='r
pscore = cross_val_score(gnb_clf,Xnew,target, cv=cv,scoring='precisi
f_gnb = np.mean(flscore)

acc_gnb = np.mean(accscore)

r_gnb = np.mean(recallscore)

82 p_gnb = np.mean(pscore)

683 print ('Accuracy:', acc_gnb)

684  print ('Fl score:', f_gnb)

685 print ( L1:", r gnb)

686 print ('Precision:', p_gnb)

o/l

688 #nn_components #lMaccuracy gassloatuuuudasd SVM
89 accSVC = list()

e
o

for n in range(1,27):

69 Xnew = PCA(n_components=n,random_state = 42).fit_transform(X, y)
692 svc_clf = SVC(random_state=42)
693 accscore = cross_val score(svc_clf,Xnew,y, cv=5)
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acc svc = np.mean(accscore)
accSVC.append(acc_svc)

PCASVC=pd.DataFrame ({"Number of Components to Keep":n component})
PCASVC['accuracy score'l= accSVC
PCASVC.sort_values(by='Number of Com

onents to Keep', ascending=1l)

n_components = PCASVC['Number of to Keep'l]
accuracy_score = PCASVC[

ax = plt.gca()

max_index = np.where(accuracy_score == max(accuracy_score))

accuracy_score_max = accuracy_score[max_index[0][0]]

n_components_max = n_components[max_index[0][0]]

maxValue = 'n components '+str(n_components max)+' , '+'Accuracy
'+str(accuracy score max)

plt.annotate (maxValue, xy=(n_components max-6,accuracy score max-0.005))
PCASVC.plot(kind='line',x="Number of Components to Keep',y='accuracy score',Kax=ax)
plt.show()

#FHuwnninod

Xnew = PCA(n_components=13,random_state = 42).fit_transform(X, y)
C=range (1,10)

degree = range(l,3)

gamma = (0.1,5)

param_grid=dict (C=C,degree=degree, gamma=gamma)
grid=GridSearchCV(SVC(random_state=42),param_grid,cv=5)

grid.fit (Xnew, Y)

grid.best params

#imUszAnBnmvasuuudnasy
Xnew = PCA(n_components=13,random state=42).fit transform(X, y)

clf_svC = svC( C=1,degree=l,gamma=0.1,kernel='poly',decision_function_shape='cvr',

random_state=42)

cv=5

flscore = cross_val_score(clf_SVC,Xnew,y, cv=cv,scoring='fl macro')
accscore = cross_val_score(clf_SVC,Xnew,y, cv=cv)

recallscore = cross_val_score(clf_SVC,Xnew,y, cv=cv,scoring='recall ma !
pscore = cross_val_score(clf_SVC,Xnew,y, cv=cv,scoring='precision mac

f_svc = np.mean(flscore)
acc_svc = np.mean{accscore)

r_svc = np.mean(recallscore)
p_svc = np.mean(pscore)
print ('Accuracy:', acc_svc)
print ('Fl score:', f svc)
print ('= 11:', r svc)
print ('Precision:', p_svc)

#nn_components #laccuracy saadlsatuuusiasshu RandomForestClassifier
accRF = list()
for n in range(l,27):
Xnew = PCA(n_components=n,random state = 42).fit transform(X, y)
rf_clf = RandomForestClassifier(random state=42)
accscore = cross_val_score(rf_clf,Xnew,y, cv=5)
acc_rf = np.mean(accscore)
accRF.append (acc_rf)

PCARF=pd.DataFrame ({"Number of Components to Keep":n_component})
PCARF['accuracy score']= accRF

PCARF.sort_values(by='Number of Components to Keep', ascending=l)
n_components = PCARF['Number of Componen to Keep']

accuracy score = PCARF['accuracy score']

ax = plt.gca()

max_index = np.where(accuracy score == max(accuracy score))
accuracy score max = accuracy score[max index[0][0]]
n_components_max = n_components[max_index[0][0]]

maxValue = 'n components = '+str(n_components max)+' , '+'Accuracy =
'+str(accuracy_score_max)

plt.annotate (maxValue, xy=(n_components_max-6,accuracy_score_max))

PCARF.plot (kind='line' ,x='Number of Cor nents to Keep',y='accuracy score',6ax=ax)
plt.show()

#Udurnilinod

Xnew = PCA(n_components=9,random_state=42).fit_transform(X, y)

n_estimators
max_features

list(range (2, 50))
['auto', 'sqgrt']
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max_depth = list(range(2, 50))
min samples split = list(range(2, 20))
min_samples_leaf = list(range(2, 20))
random grid = dict(n_estimators= n_estimators,
max_features = max_features,
max_depth= max_depth,
min_samples_split= min_samples_split,
min_samples_leaf= min_samples_leaf)
rf = RandomForestClassifier(random_state=42)
rf_random = RandomizedSearchCV(estimator = rf, param distributions = random grid,
n_iter = 50, cv = 5,
verbose=2, random_state=42, n_jobs = -1)
rf random.fit (Xnew, Y)
rf random.best params
#HiaUsAEN WURINUYTIAY B
Xnew = PCA(n components=9,random state=42).fit transform(X, y)
clf RF = RandomForestClassifier(n_estimators=38, max_depth=31,max_features= 'auto'
min_samples_split=9,
min_samples_leaf=14,random_state=42)

cv=5
flscore = cross_val_score(clf_RF,Xnew,y, cv=cv,scoring='fl macro')
accscore = cross_val_score(clf_RF,Xnew,y, cv=cv)

recallscore = cross_val_score(clf_ RF,Xnew,y, cv=cv,scoring='recall macro')
pscore = cross_val_score(clf_ RF,Xnew,y, cv=cv,scoring='precision macro')
f_rf = np.mean(flscore)

acc_rf = np.mean(accscore)

r rf = np.mean(recallscore)

p rf = np.mean(pscore)

print ('Accuracy:', acc_rf)
print =i, forf)
print , r_rf)

print sion:', p_rf)

64



UIIUIUNTU

(1] K. Kroenke et al., "Causes of persistent dizziness: a prospective study of 100
patients in ambulatory care," Annals of internal medicine, vol. 117, no. 11, pp.
898-904, 1992.

2] S. L. Whitney, G. F. Marchetti, and L. O. Morris, "Usefulness of the dizziness
handicap inventory in the screening for benign paroxysmal positional vertigo,"
Otology & Neurotology, vol. 26, no. 5, pp. 1027-1033, 2005.

(3] S.Y. Moon et al., "Clinical characteristics of benign paroxysmal positional vertigo
in Korea: a multicenter study," J Korean Med Sci, vol. 21, no. 3, pp. 539-43, Jun
2006.

(4] S.-H. Lee and J. S. Kim, "Benign paroxysmal positional vertigo," Journal of
Clinical Neurology, vol. 6, no. 2, pp. 51-63, 2010.

[5] S. G. Korres, D. G. Balatsouras, S. Papouliakos, and E. Ferekidis, "Benign
paroxysmal positional vertigo and its management," Medical science monitor,
vol. 13, no. 6, pp. CR275-CR282, 2007.

(6] S. R. Safavian and D. Landgrebe, "A survey of decision tree classifier
methodolosgy," IEEE transactions on systems, man, and cybernetics, vol. 21, no.
3, pp. 660-674, 1991.

[7] S. Arlot and A. Celisse, "A survey of cross-validation procedures for model
selection," Statistics surveys, vol. 4, pp. 40-79, 2010.

(8] Y. Saeys, I. Inza, and P. Larranaga, "A review of feature selection techniques in
bioinformatics," bioinformatics, vol. 23, no. 19, pp. 2507-2517, 2007.

9] Z. M. Hira and D. F. Gillies, "A review of feature selection and feature extraction
methods applied on microarray data," Advances in bioinformatics, vol. 2015,
2015.

[10] l. Guyon, S. Gunn, M. Nikravesh, and L. A. Zadeh, Feature extraction:
foundations and applications. Springer, 2008.

[11] M. Von Brevern et al., "Epidemiology of benign paroxysmal positional vertigo. A

population-based study," Journal of Neurology, Neurosurgery & Psychiatry, 2006.



(12]

66

A. Saxena and M. C. Prabhakar, "Performance of DHI score as a predictor of
benign paroxysmal positional vertigo in geriatric patients with dizziness/vertigo: a
cross-sectional study," PloS one, vol. 8, no. 3, p. e58106, 2013.

W. Chen et al., "Validation of 5-item and 2-item questionnaires in Chinese
version of Dizziness Handicap Inventory for screening objective benign
paroxysmal positional vertigo," Neurological Sciences, vol. 37, no. 8, pp. 1241-
1246, 2016.

G. P. Jacobson and C. W. Newman, The Development of the Dizziness Handicap
Inventory. 1990, pp. 424-7.

P. Harrington, Machine learning in action. Manning Greenwich, 2012.



U

UseIngLdeu

UA.AIU UAITNSUN

2 NUEN8Y 2534

107/122 wyjUinunmswin 9.9k o.n5e3uwuL 2.aynsanas 74110



	บทคัดย่อภาษาไทย
	บทคัดย่อภาษาอังกฤษ
	กิตติกรรมประกาศ
	สารบัญ
	สารบัญตาราง
	สารบัญรูปภาพ
	บทที่ 1  บทนำ
	1.1 ภูมิหลัง
	1.2 ความมุ่งหมายของงานวิจัย
	1.3 ความสำคัญของการวิจัย
	1.4 ขอบเขตของการวิจัย
	1.4.1 ประชากรที่ใช้ในการวิจัย
	1.4.2 กลุ่มตัวอย่างที่ใช้ในการวิจัย
	1.4.3 ตัวแปรที่ศึกษา

	1.5 กรอบแนวคิดในงานวิจัย
	1.6 สมมุติฐานในการวิจัย

	บทที่ 2  เอกสารและงานวิจัยที่เกี่ยวข้อง
	2.1 โรคเวียนศีรษะขณะเปลี่ยนท่า (Benign Paroxysmal Positioning Vertigo: BPPV)
	2.2 แบบประเมินอาการวิงเวียนศีรษะ (Dizziness Handicap Inventory: DHI)
	2.3 เทคนิคการเรียนรู้ของเครื่อง (Machine learning)
	2.4 อัลกอริธึมที่ใช้ในเทคนิคการเรียนรู้ของเครื่อง
	2.5 การแบ่งข้อมูลสำหรับทดสอบแบบจำลอง
	2.6 การคัดเลือกฟีเจอร์ (Feature selection)
	2.7 การสกัดฟีเจอร์ (Feature Extraction)
	2.8 งานวิจัยที่เกี่ยวข้องกับความสัมพันธ์ของแบบประเมินอาการวิงเวียนศีรษะและโรคเวียนศีรษะขณะเปลี่ยนท่า
	2.8.1 บทความวิจัยเรื่อง Epidemiology of benign paroxysmal positional vertigo: a population based study โดย M von Brevern, A Radtke และคณะ
	2.8.2 บทความวิจัยเรื่อง Performance of DHI Score as a Predictor of Benign Paroxysmal Positioning Vertigo in Geriatric Patients with Dizziness/Vertigo: A Cross-Sectional Study โดย Amrish Saxena และ Manish Chandra Prabhakar
	2.8.3 บทความวิจัยเรื่อง Validation of 5-item & 2-item questionnaires in Chinese version of Dizziness Handicap Inventory for screening objective benign paroxysmal positional vertigo. โดย Wei Chen และคณะ


	บทที่ 3  วิธีดำเนินการวิจัย
	3.1 การกำหนดประชากรและการสุ่มกลุ่มตัวอย่าง
	3.1.1 ประชากร
	3.1.2 การเลือกกลุ่มตัวอย่าง

	3.2 การสร้างเครื่องมือที่ใช้ในการวิจัย
	3.3 การเก็บรวบรวมข้อมูล
	3.4 การจัดกระทำข้อมูล และการวิเคราะห์ข้อมูล
	3.5  แผนผังแสดงลำดับขั้นตอนการดำเนินการวิจัย

	บทที่ 4 ผลการดำเนินการวิจัย
	4.1 ผลลัพธ์ของการวิเคราะห์ข้อมูล
	4.2 ผลลัพธ์ของการสร้างแบบจำลองโดยใช้ข้อมูลจากแบบประเมินอาการวิงเวียนศีรษะ
	4.3 ผลลัพธ์ของการวิเคราะห์ฟีเจอร์สำหรับสร้างฟีเจอร์ (feature engineering)
	4.4 ผลลัพธ์ของการสร้างแบบจำลองโดยใช้ฟีเจอร์ที่ได้จากการคัดเลือกด้วยวิธี chi-square
	4.4.1 แบบจำลองที่สร้างด้วยอัลกอริธึม Naïve Bayes
	4.4.2 แบบจำลองที่สร้างด้วยอัลกอริธึม K Nearest Neighbors (KNN)
	4.4.3 แบบจำลองที่สร้างด้วยอัลกอริธึม Support Vector Machine (SVM)
	4.4.4 แบบจำลองที่สร้างด้วยอัลกอริธึม Random Forest

	4.5 ผลลัพธ์ของการสร้างแบบจำลองโดยใช้ฟีเจอร์ที่ได้จากการคัดเลือกด้วยวิธี Recursive Feature Elimination (RFE)
	4.5.1 แบบจำลองที่สร้างด้วยอัลกอริธึม Support Vector Machine
	4.5.2 แบบจำลองที่สร้างด้วยอัลกอริธึม Random Forest

	4.6 ผลลัพธ์ของการสร้างแบบจำลองโดยใช้ฟีเจอร์ที่ได้จากการทำ Principal Component Analysis (PCA)
	4.6.1 แบบจำลองที่สร้างด้วยอัลกอริธึม Naïve Bayes
	4.6.2 แบบจำลองที่สร้างด้วยอัลกอริธึม K Nearest Neighbors
	4.6.3 แบบจำลองที่สร้างด้วยอัลกอริธึม Support Vector Machine
	4.6.4 แบบจำลองที่สร้างด้วยอัลกอริธึม Random Forest


	บทที่ 5 สรุปผลการวิจัย อภิปรายผล และข้อเสนอแนะ
	5.1 สรุปผลการวิจัย
	5.2 อภิปรายผลการวิจัย
	5.3 ข้อเสนอแนะ

	ภาคผนวก
	บรรณานุกรม
	ประวัติผู้เขียน

