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Mushrooms are a type of natural fungi that can either be edible or poisonous.
Consuming poisonous mushrooms can lead to severe illness or even death. Therefore,
machine learning techniques and models have been used to classify mushrooms into edible
and poisonous types. This study explores the effectiveness of five machine learning models,
including Logistic regression, SVM, Decision tree, Random Forest, and XGBoost, along with
feature selection techniques to identify the most significant features to indicate the type of
mushroom. Recursive Feature Elimination (RFE) and Chi-square feature selection techniques
were used to select important features, while Principal Component Analysis (PCA) was used
for feature extraction. The results showed that both RFE and the Chi-square feature selection
techniques increased the cross-validation score as the number of features increased.
Additionally, the PCA technique increased the cross-validation score as the number of
components increased. After comparing the results of the models, it was found that the
Decision tree model, which used RFE feature selection technique with a training size of 60%,
and only three features, namely odor, gill size, and spore print color, yielded the highest F1
score of 99.32%. This model was then used to develop a prototype web application for

mushroom classification.
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U a

MIAau 9 (input data) waz TayaNaans (Target) Ngneaes uaainllasuliuuuanass

dl v o o o [ v A A ni 1Y ar
W UL LANA89ANNITDAUIILAZ TN NARNS LAtHad input data 715N 1A luauag
Tasgnu1TnLLNaanty 2 AnMZA

- Wil Classification (feymidsuiiilszinm) iadayanaansuansuznidulsznmn

[ [

, o o -
111 yes / no ¥78 TaLsziny (Class) NABINITNIUNY
R a dl ¥ [ 2 o o dl o 1 dl
- WU Regression (fyuniisnnnas)) memg@mmmmnwmz‘wLﬂummwmum

1 o v o 1 Y v 24 ¥
K NITNIUIETIATLIU, NITNIUILATANN YN TLABINT Coziuﬂﬁﬂ’]ﬂ s

]
o=} ¥

2.2 Unsupervised learning Aansiauduuuldigaeu Wumatinnuyssdiaddaya

o o

WAl input data Tneldddayanadns (Target) InaandunisiinaufioweslfBauidagaain

u a
1
= k% o % o o %

AsaNTRVTRANHIuTA NIz RsTayaNAdNe W udarinnisdnanguliag doarii uazainang

a

]
vy A

LaTaaLALiea wsNdaya W 91U Clustering NABINITULNNGNGNAARNGFANTTN
pdneiuliag lunquineaiu atiawallsTudunisaa@uan
2.3 Reinforcement learning ABN19EIUFLLLIATNANAY HUANNNIVINNWER UL
= ey ~ Py ~ = N ya X ! .
NNINNYEETTEUTUNAILNBENIAENITARIHAADIYN WATHNITHUFAATUIENIINNIGIN

o a A 1l A = ¥ dl ¥ o 1 o‘:l/
n13nsennluunviTe llA vireetalAzuuwd N Ngdes IngAwamd luan1un1saiiiuAag



14
vned1elainalilinzuuuingangn 1y AlphaGo NgnwmuiaunIauaxnsaauzuaniling

aaslan lusu @

3. WUUAIARIDAND3 BN M L MANANISITEUSUDIATRIN 1D luauIaY

a a ¥

me‘immmmuﬁﬂfm@ﬂugmmm?'mﬁummmuﬁmm Tnarananfnailes 5
LU aeelE 1A ST el Supervised Learning (N13E8uiuLILNEABY) TAE LR
Classification 1# wn Logistic Regression, Support Vector Machine (SVM), Decision tree,
Random Forest 1A XGBoost inth sasielili

3.1 Logistic Regression TunLLsaesRlFnNsFwnIMAdiaAaasAaN 171 A
Amtnazil Taelld@unns Sigmoid function (#4AN37 1) wazA LA malsznay 10 @

1
o) o= "

Ly
=

o ©o o
2 o o
L 1

Sigmoid(x)

o
)

-4 ~2 0 2 2
X

nwisenau 10 neanaaaNNIg Sigmoid function

o
o

N Harrington P, 2012

TnamnAraunaziiu G (X) Aruamueanunlasus 0.5 aziflu class 1 wintas

n141 0.5 azlu class 0

o

3.2 Support Vector Machine (SVM) {l1uULA1 889N HMANN1I NG BABNENENYA
AuLa3Endng class A9 (Ben9114u hyperplane) 193daianingzaneLy feature space
dl Y 1 nai o v . ] tzi
Weuthdeyasenidungue Inaduidunvinlilaeuian (margin) 119210 support vector 7

WnAga senisznay 11
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Optimal Hyperplane

;
Support vector /

nwtsznay 11 nsutngndaya 2 dszian FaelduuLNNNUaLLA (margin) ¥19ann
support vector mnﬁz@m
nun: https://www.analyticsvidhya.com/blog/2021/04/insight-into-svm-support-vector-

machine-along-with-code/

3.3 Decision tree yiraizanIsuldindula Wunuuaiaaaildiiaeni classification

LAY regression TAEMANNIINNTNNNNUIBILLILANABRIAAAINGF9AALTULRIN1IAnAR]A

1 1
a v A A

Funandayalusiaulesii InaEusuan Root node (AaRenlauIneInsfindula) udn

wAnnan19imaula (branch) lnRawlaarsudalil (Decision node %38 Internal node) a1

ATNIIDNUILNAANTGATINaanu e (Leaf node w38 Terminal node) Auwan<ly

nsznay 12 IuULANaedHasUANTINAUNAAWET N A nAasgegn 27

ROOT Node J

< ——y Branch/ Sub-Tree
— . l 7
Splitting ‘_ /TN

'

| Decision Node

—_—

A{ Decision Node J

{ Terminal Node ‘ Decision Node 1 l Terminal Node Terminal Node ‘

B i o]

Terminal Node Terminal Node

NNUTENaL 12 UANNIININIUTBILLILANA8Y Decision tree

N https://www.analyticsvidhya.com/blog/2021/08/decision-tree-algorithm/


https://www.analyticsvidhya.com/blog/2021/04/insight-into-svm-support-vector-machine-along-with-code/
https://www.analyticsvidhya.com/blog/2021/04/insight-into-svm-support-vector-machine-along-with-code/
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Ta8ANN1711UN179AAAL node Ua U Classification Huanena taun ¢

- ID3 (lterative Dichotomiser 3) 1A NAUI AN AN Entropy Las Information

=

gain TannilaAuaniA luusasiiaasuda node NAAN information gain g4

azgnidennawtluaduusn neawnuiullainannish 2 -3

Entropy(node) = ZP(node) * Z(—P(b‘) “log,P(b)) (2)
Information gain (node) = Entropy(previous node) - Entropy(node) (3)
Wa b R WAAETNTDY node 14

Pb) Aa  Anudazduluusazie deldainnisAiuanianuau class
YBILAANTIDILFAATNAN WAIITALANUIU Class TAUNA
Tuneiu
- CART (Classification And Regression Tree) WuAsN AU anAN Gini
. y = A o d ' p Y A o
impurity index FININRBATUIUL A TR LA ZW 1A B TUAY node NRAN Gini

impurity index 611 azgnidannewluaIfuusn nasAuamiullniuannish

4-5%

Gini(bi) = 1_( c1lb; )2_ ( ca|b; )2____ @
lnl( l) o c1+Co+--- c1tco+---
L. |b A, |b L.

Gini(node) = (c|iloclle) * Gini(b1) + (lewze) * Gini(b2) + ... (5)

Wa b, e Wsazfewag node 1
a . C e A
clb AR AU class TeauAaTNgNlUN i
A o Z// QI dl .
clb, AB  ANUIU class YNUNATUNGT |
c| node R U3 class MINNNATRS node T

¥

3.4 Random Forest LTULULA1A84L1U1 Ensemble model 184U aa96 1 18]

b

o

snAula (Decision Tree) Aatn Decision Tree a2 814 NgqaiuinuIens Beldmaliad

(381n91 Bagging (Bootstrap aggregating) Tngilsiay Decision Tree iuin1sguiansa
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ldmiauiunaznisgduaaetnefldmieuiu (Inagustatielszunm 2/3 19 1adoya
4

IUNA) NAANSGAT1UBINTTIUILLARAINHATHIRNNINTGA (Majority vote) 189

Decision Tree WAALAUW AuAwilsynay 13
DECISION TREE-1 DECISION TREE-1 DECISION TREE-1

} l l

RESULT-1 RESULT-2 RESULT-N

I—vl MAJORITY VOTING / AVERAGING IQ—I

FINAL RESULT

nWLznau 13 UANNITNINIULANLLILANa8Y Random Forest

N https://www.tibco.com/reference-center/what-is-a-random-forest

3.5 XGBoost (Extreme Gradient Boosting) A8 LULA1a84711NLe" Decision Tree
o A o o o o A, L ~ 1y
EXM| Vi@']il'] B4 N']Lmﬂﬂmﬂﬂul,ﬂu@’]ﬂﬂ (Sequence) IﬂﬂVILL[ﬂ@:ﬁ Decision tree L?ﬂugfﬂﬂﬂ
Error 284 Decision Tree siunauuntin (iFanmnatianiidn Ensemble model LUy Boosting) 91
'3

4 1 1
Warnuiugnreslunsinuanadng  HaciuudugnuniuEess  Welinnsauiues

L oA o = = ° ~ o A yoA
Decision Tree FAAUANNUALNAIMNANNINNE LLZ\]ZLLUU’Q’W@@Q’QzﬂﬂﬂLiﬁlugLN’ﬂvLNL‘MZ\]@

gtluuuwes Error an Decision Tree nauntiliizauiuda  sunanwdszney 14 #*°0
DATASET ERRORS ERRORS
e @ MODEL .'\. MODEL .___.-".-ﬂ'i;:-_. MODEL
: ..... TRAIN TEST : ‘.’. TRAIN TEST :‘. "-"._.. TRAIN
® g0 — — .“ ® — — . ,% — ene
%S o, 00, %
| ‘ ‘ L N

PREDICTION

ANUTENEL 14 NANNIINIIUIDILLLIANABS XGBoost

un: https://blog.bigml.com/2017/03/14/introduction-to-boosted-trees/


https://www.tibco.com/reference-center/what-is-a-random-forest
https://blog.bigml.com/2017/03/14/introduction-to-boosted-trees/
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L4 o s

4. NMTULNTATBYARINTUNTNAKAULTEANENINUDILLLAADY

u

TumalianiFaufrasarasduaidufasinisulsgadanaaantdudau Ias
a q al

wmATANIuLNgadayad 2 dszinmuan e O

v
¥ '

4.1 Train/Test Split .luntsuiiegadayarisunnidu 2 d9u he gadeyadiniuaing

kY]

% o [

WULANADY (Training Set) LL@:MMHMW?UV}M@ULLuuﬁmfa\‘l (Test Set) galmesinll
dnndinaesradayag uiuaiiauuustaessiegadeyadviunaaeuiuuanae dudu
80:20, 70:30, 60:40 72 50:50 ¥
4.2 Cross-validation un1suisdayadmiuldlunisairswaznaaauilss@nsnin
° Ay v = Py ~ = o L. ' a
LuuA1aeen lfainnisEeuiresaTe Inadin1sutidouaed Training set ilugatas ) Ae
Wil training set aanwilu 5 491 Ioeld 4 daulunisassuuuanase uazan 1 dauldlunng

NARBLLLLANASY kazulitayaaunsuianun 5 afs munindseney 15

‘ All Data ‘

‘ Training data ‘ ‘ Test data ‘

| Fold1 | Fold2 || Fold3 || Fold4 | Folds |

split1 | Fold1 | Fold2 || Fold3 || Folda | Folds |

splitz | Fold1 | Fold2 || Fold3 || Fold4  Folds |

soiv> [JEoa [eeaz) NN [Foal [oen p Finding Prameers
Split4 | Fold1 | Fold2 || Fold3 || Fold4 @ Fold5 |

Split5 | Fold1 | Fold2 || Fold3 || Fold4 | Fold5 |_/

Final evaluation ﬂ Test data

ndsznay 15 nsutegadeyadInFLNNIMAGRLLIITENENINTBILLLIANABY

un: https://scikit-learn.org/stable/modules/cross_validation.html#cross-validation

5. nsUsudieraLanuaINiaas (Feature scaling)
o = - b = o o o = o A
nsdfudasreunesiiaefifluduneunimnndr Ay dunaunilelunisdnsses
v ! v o 1 = o‘d‘ o dld 1 dl ] o
dayanauadeuuuanass Tnadoa il ae il usamanidosauaniuansd1eiu gnulas
Tiunagnieludossumainaaiu wramandnunigmn Normalization tagnatiafldlu

o ! IS a I/Li/ ' (35)
N7UfUTNrRLIANYANENATA LAl
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5.1 Min Max Scaler lumatanvinlidaszeuwnedinialuiiaesgnudladliag]

a

Tuding 0 019 1 Tnedaidamaiiaonuloseqndayaniiudiaing (outliers) InagnsAnuan

ragmatatiidunNannITh 6

X—-Xmin
Xnew = ——— (6)
Xmax — Xmin

=

Xmin  Ra  AVdesNgauesiaeftiue

A 1 dl dl = rgjz
Xmax Af mwmnmmmﬂwmuuj

5.2 Standard Scaler ilumatianvinlidasrauaaaasAneluiiaesgnulasliag)

kT

¥ = 6%

Tudqa -1 09 1 InewmnizAudananiaasmini1snszanadanuuilnd (Normal distribution)

a
1

D Yy A A ' P = | a a . ° a &
NI ﬂ@L@ﬂﬂ‘ﬂﬁJﬂQWNiQW@Qﬂﬂ@N@VILﬂuW’INﬂ‘ﬂﬂ[ﬂ (outliers) Tmmﬂmmmmmmmmuﬂu

u

WupNgNN9N 7

X—
Xnew = B (7)
(e}
= ] A = |- A
M AR ﬂ']lf?l@ﬂ‘ﬂ‘ﬂﬂwm@?uuj
A 1 all = r:j/
e) AR ﬂ’]LUﬁI\‘]LUqumﬁ‘gqum'ﬂ\TWL@@Tuu"l

a

5.3 Robust Scaler ilunafiafmnizauiuNeasANARalnG (outliers) Inel
o o 1 % dl g & o . o a dal
uasanlsudasaaumauda qanlu outlier figeaaiilu outlier TnagnaAuauTaIATAT

Wupnugunm 8
X —median
p75 —p25

Xnew = (8)

o

median A ANNEEg UL IAe il

po))S

p75 @ A" percentile N1 75 789WLaaiu]

p25 e A1 percentile N1 25 MQWL@@‘fﬁuj
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6. n15UsuAWIS NIARS (Hyperparameter Tuning)

Hyperparameters A W133ma561¢ 7 N Idan1sanvuaLeslineuiuuLanaes
45149n1947¢ uq%f TAeNITNAI Hyperparameter Tuning (‘VT?@ Fengn Hyperparameter

Optimization) WnH4RnUszadANanIdn Set 1849 Hyperparameters lafinunzang1niu
4 2}/ dl o v o = £ 1 o dl dl = a
LULANAR9L3Tn N1 ] N1 THIULA1889HAINY NFBIUATAYINILNLEN NgINgATTaiiA

Loss Nanam © %

q

Tnemsmatiadfudnislnesiugiuil 3 wmatla % 1gun

4.1 Manual Search
Qddgj A 1 o ¢
Jatiduni9iaanadn Hyperparameter 229uu1a1a093 nUszaunisaliaraau
AnLiudauyaas Tnavinn1safiauuianaasluniaInaAiaeniarinilscansninaes
o tﬂl ' 1 a a dld
wuuanaedllFes o aundanumlsyd@nsninwig

4.2 Grid search

4 1 1

A5 unsuanuun1An Hyperparameter Lag 3N A 1a1nnN1sAAINUA AN

Hyperparameters uaazain ldaseutianane-an aeaAvisunnet lugduuisyizng (matrix)

1% o

v K o o dl o b2 dl o o
AIAIUN Hyperparameter V!ﬂMQWﬂﬂﬂuﬂL‘ﬂ’ﬂQiﬂV}ﬂ@@UﬂULLUU’Q’]@@QW"ﬂL‘W’]ﬁﬂU

X a

Hyperparameter gamatu aulalss@ninannangn asin19agileAn Hyperparameter

q

AANNI TIN1991 Grid search N lH491UsaNALNI1991 Cross-Validation #agl (381097

22,37, 38)

GridSearchCV ¢

4.3 Random search

¥
=

Failiiunisquuanumnifn Hyperparameter Adn1snnuuaan ldanauiin Inanisg
uldineGeeafdy uiansnadullniawiuA g ld 191991 Random search sin'ld
, o o . . o - ) . ax S o P
IMUTINAUNIINN Cross-Validation A28l 138191 RandomizedSearchCV taedg i ldiaah
8N4 GridSearchCV wAls@nin1nwaadutuanaadnlanaian1nin GridSearchCV
\ansiag @Y
IAEIAQEN9189N1TNT GridSearchCV wag RandomizedSearchCV 1946LUAN AR

Random Forest Wlulimiunwilsznay 16
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n_estimators n_estimators
\
L 3 {
: | Max_depth! _lL_ {
Max_depth ' AN o
[7
4 ‘
v—— ‘\‘
| i
\ " “Best results
“Bestresults RandomSearchCV

GridSearchCVv

A nlseney 16 JUULLYIBINANNNTIENINN GridSearchCV Waz RandomizedSearchCV
Vot https://www.naukri.com/learning/articles/hyperparameter-tuning-beginners-

tutorial/#hyper

7. NMSAALARANNLARSLASNISANANLADS (Feature Selection and Feature Extraction)

(40-43) & <

7.1 neAaaanWiaes (Feature Selection) LANEIATYFANNTATINULLAIAD

~ o = ] A~ o o ¥ ° o & Iy
NNILTEUFUBILATAN IﬁﬂTQﬂL@ﬂﬂWLQ@?VINﬂqu@q UABNITNIUNE NAAND mqmﬂiﬂﬂmmﬂq

o ¥

lun19Beufrasiunanans warainsnasiunislauuudanaasniarndudauausin
Aull ¥reRFendn Wianns Overfitting 1@ IaelATaINaLAZATN1TARLARNH LA FA1N1TD

utiardls 3 Uszny Aa

A =

7.1.1 Filter methods {luAsndaaAnaaniaasniauldnguuLaaasiaaZ1enig

o c

= ¥ = a v o G { = o [ = dld o
LIEdy IPENNNTNATUIANNANN RS ILUININIRaslas HaaNs laaniaas landANNEduNUS

o A

Aunadnstas azgnineanieudiguuusiass fanresnisldimaiinline n1sAnaan

= 6 © ZJ/ v ] 1 I [~3 % al = = & 1 (% o o
Wiaafauaunine sulduanldun udetrelsfinudedune Winafusazdaiu gndn
AZLUUANNANAUS LN UAUN145190LLAA 04 Aesiuiaa s lavuana luwiniy Aung
111U 1l uN198 590 ULA18 89 FH2a8iN9384 Filter methods 1114 N1ANUANM Pearson’s
Correlation, Chi-square, Mutual Information, ANOVA {111

7.1.2 Wrapper methods {lun1sdniaaniiaasingauinainnisBauiiaznaga
lunrsafranuuananeiidaanty asldanAalun1s N R FMUNILAaNTULLULIN a9
v | 1 =3 IS dl dl o Y a e 1 ada .
fiaanng wied1elsinulmanudeesnananiliiiannae overfiting N1NN913% Filter
methods LAZLHAIAINANITAIUILUAE AT AelTnanlun19AIUIUNINNLN Filter
techniques AR Wrapper method A8 Recursive Feature Elimination (RFE)

a [ A = I3 o dl a dgl
7.1.3 Embedded methods LHUMARANNIARALAAN AR FIBILULANAAT TR

' v = v o v 1 ] A = ¥
TENINWNNITATINNITLIUUIVAILUUANA D 1@Lm ﬂ”lﬁ"QNL@@ﬂWL@@ﬂuﬂﬁ%U’)uﬂ’]?@?%‘i


https://www.naukri.com/learning/articles/hyperparameter-tuning-beginners-tutorial/#hyper
https://www.naukri.com/learning/articles/hyperparameter-tuning-beginners-tutorial/#hyper
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WULAN889 Random Forest, A1 Weight 284LLLAA8Y logistic regression MAIAINLATARY

= 4
NITUIUNITLTEUI

7.2 nnsaripWiaag (Feature Extraction) “**?

Wumaflanldlunisanifnuasiiaasas Inadnisudasimafiau liduniaaFludng

aa

Aanas doelinnsauundayailss@nsninunnau lnaldniweansraspaniamasilos

ol ¥

' 1 =3 v a rd” M ¥ o o o & I = oo [ dl
LLﬁlﬂﬂqﬂiiﬂﬁl’]ﬁJﬂ’]imﬂﬂWL@'E]ﬁ“lﬂﬁ\liﬂﬁ’]u’JMﬁ']’]ﬁJ@NWHﬁ?Zﬁﬁ’J’NWLﬂ’ﬂﬁ‘m_lN'Z\]Z\]Wﬁ‘ﬂ ANNIT

1
= -] [ % ] o

o dj ] Y v el o I3 o 4
Nune dedenalidayaniaamMaNAyAan1INIung N@@Wﬁﬁﬁﬂiﬂiuﬂﬁ‘zuquﬂ’]?@ﬂﬁiﬂ

siaatramallafld aun wmallanisamasiesAlsenaunan (Principal Component
Analysis: PCA)
8. MuIAENLNLITDY

£
a oo A a o 1 o

N1INUNIUITTUNIINVRINUINE R IANN1TAN I ARATIN WA aNNeadeeiuNNT
o < 1 3 a =3 dl [ ¥ a o dl dl ¥
auundszinniinsendnadafsuaziiansudszniuld lnaeuideiingades anunsn
wanguled 4 ngn Inedanaazviasnial uazainsnagllsfengma 2

| dl dl 1 o % | 3 A = e A o

nguy 1 unlaiinisinmnazaiadaya wazliinisdnaeniliaasuzanisann
iaas

8.1 UNAINNANE 3RS Prediction of Whether Mushroom is Edible or Poisonous
Using Back-propagation Neural Network. n Eyad Sameh Alkronz, Khaled A. Moghayer,

Mohamad Meimeh, Mohannad Gazzaz, Bassem S. Abu-Nasser ag Samy S. Abu-Naser
(44)

v
a o A

NN lANIN1AN N LN s NN R s I suL s WA LA AN

ANENATANIEUSTB9LATEY 1 LUUAA83AE Artificial Neural Network (ANN) a4

S

150133 neurons Tl Taadin1sas@adn Just Neural Network (JNN) d9tlsznaulilfqedu
wangm (input layer) AIUIU 22 neurons, TUATINATY (hidden layers) 119U 3 hidden

6

layers ﬁﬁmmm 2x1x3 neurons, Lmz%mmmNaﬁwmﬂﬂmiﬁm’m (output layer) AU
1 neuron TatduneulumAseid 4 Tunaudein Ae

Fumen 1 nMsRenmusiuuazradng (Fautsna) dmsusulsma @ ldssinn
vafin dausaullsiildiinefnedneflivaesiun 22 Miaeslnglaifinnssiniia

dupeu 2 nsutastayaliag lugUuuumvanzan Aedusioge
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Tumen 3 nisutideya Tuniinisutseendugadayadiniunisadraunudaaeg
(training samples) A1U3U 5,724 1938 WATTATDYAZIUTUNIIATIARDUAIINYNFB
(validation smaples) QMU 2,400 %’ﬂyj@

duaau 4 N198519n19E8uF 1T Just Neural Network (JNN) @9vinvisusa 161,501

:: aal/d 1 o [ | = & v 1 .
epochs e ludunauilinisuanad1Aa ug 1Ay 1a9uiAaziiaas Ade 1 Relative

Importance TINLI gill-size (ﬂJu’]mJ'a\iﬁ?“LlLﬁm) AN an PR ISP ring-number

e )

=

(AUIUIIITL) LLa:ﬁ@ﬂ%mﬁ@ cap-surface (ANHUSUIBAINURINNINLAR)

gj/ a o v 1 = 1 a o rai [

dunau 5 N9UsZINUNALLLANARY A28AN accuracy WieNaenanen Inanaansn La
Af accuracy Winriu 99.25 %

8.2 UNAINNINEFTD Accuracy of classification poisonous or edible of mushroom
using naive bayes and K-nearest neighbors 1m e Roni Hamonangan, Meidika Bagus
Saputro az Cecep Bagus Surya Dinata Karta Atmaja -

a o d” v o =® o < 1 < [ b < a

naseilavinisAnenisanuundssinnidaszndnainsudsenulauaziin e
Tneldinalian1sFauiaadiasas 2 WLANaa Aa naive bayes WAY K-nearest neighbors
Tnelifin9dnen feature importance a7 uaznisindsz@nsnnaesuuuanasslaeldines
WA Accuracy ANLAEIWINTYE NANITNAABIADLLLANABY K-nearest neighbors 111
wuuaaaan 1 Accuracy WNiL 100% LazluLANa84 naive bayes 19f Accuracy Winfiu
90.2%

8.3 UNANNNAARIFEY Edible and Poisonous Mushrooms Classification by Machine

Learning Algorithms 1Al Kemal Tutuncu, llkay Cinar, Ramazan Kursun Wwag Murat Koklu
(46)

v
a o A

NN lANIN1AN N1 LN ss IR TE Ui suL s WA LA ST AN
AoENAtiANITITELIT9LATEN 4 LULANA89 A Decision Tree, Naive Bayes, AdaBoost
wa s Support Vector Machine Tne/ldifinnsdnaAn feature importance 1A waznimmaey

[ o

dsr@ninnreswuuanaestiwiunisldisgadeys waztinllvindaeds Cross validation
Tmelda1uaw 10 Fold Tnaluumazsaull 1 Fold 14 test set Tetsz@nininddnlaiduan
Cross validation score WintiudatlsznavldfqaAn Accuracy, Recall, Precision wag F1

score



24

AAMSUNANITANHINUINLLLANA8d AdaBoost TiA11Us2@nTn1nita Accuracy,

=

Recall, Precision la¥ F-1 score e ﬁﬁ anAa 100% A7ULULR1889 Decision Tree, Naive

Bayes a2 Support Vector Machine 131 Accuracy Winfiu 98.82%, 90.99% Las 99.98%
ANNANGL

A o 9 W o A A - o -

ﬂmm 2 JMUNANITINIANNHAZDIATDYA wi ldEnNsARRaNNIaafizan12ai alaas

8.4 UNAINNANELTR Mushroom classification using machine-learning techniques

1mgl Omar Tarawneh, Monther Tarawneh, Yousef Sharrab LLlas Moath husni “n

£
a o a

v o = ° @ ' @ o v G a
QWHQ@HUIﬁ]WWﬂ’]EﬁﬂHWﬂ’W@]’]LLuﬂﬂﬁ‘zLﬂ‘V]LM@‘J‘KWJ’NLM@?Uﬂ@ﬁW’]‘LAi@LL@‘?&LMﬂWE

%

AaEnANANITITUSURILATEY 6 LLULA1A89 AD Logistic Regression, Decision tree, K-

al

Nearest Neighbors, Support Vector Machines, Naive Bayes, Artificial Neural Network
WAZLULANA8INIAAAINN1TTINAULRY K-Nearest Neighbors, Artificial Neural Network

AU Support Vector Machines Tngldiiin199mAn feature importance 1a wa LA an199IN

= o

pNAzaIndeyane An13dnaNaasnaedn “stalk-root” (ANmuzIINNaglataiiunen)

wWae “veil-type” (‘Huﬂﬂ‘ﬂ\‘iLH'ﬂMNﬁ‘ﬂﬂLﬁﬁ) aan Lu@\‘l@’]ﬂ TuW a5 “stalk-root” HAN314

=

(missing) AMUIUNIN &1 “veil-type” Tufrnaesiaul sfieeAnaaadiianngn Ty 61D
o d
UALUNLTZNNTY

1FUNAN13TALUTLANTAINTBIULUA1ABIA ] AIUAT Accuracy HUNWLIGN

1 1
1 =

LUUANA8Y K-Nearest Neighbors 11 {1 accuracy §4M4Aat# 94% ainiuiuy

q a

WLUANA89 Decision tree 9ULLLANABNNINAN accuracy 7898980 bauA Artificial Neural

Network 3 A1 accuracy 11U 93% LAZLULAIA89 Support Vector Machines AN

accuracy Wil 91% LaziNedi1auuuataediiinainnissaniuees K-Nearest

Neighbors, Artificial Neural Network Ay Support Vector Machines T wudnldan
accuracy ATWANTY (Uszunns 94%)

= Ay o o o P o A A o o = -

NNy 3 muwiumwmmmmmm‘umﬂ@ LANNN7ARLARNNIAaTUTaN19AN AN LA T

8.5 UNAIN1NIN8 L789 Behavioural Features for Mushroom Classification I ¢

Shuhaida Ismail, Amy Rosshaida Zainal la¥ Aida Mustapha “e)

A
a o A

NUIRaRlANIN1ANHINA LN s IR s IS uL s WA LA T AN

%

ARENANANITITEUTID9LATAY 1 LULANa89A® Decision tree (J48 algorithm) Tae 14

a
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TBIND WEKA (Waikato Environment for Knowledge Analysis) Tnedunauluautaa Uy
4 dupausneiu (Inglddnisuisgedays) Ae

i’/ v % 1 dl A o

dunau 1 nsulastaya vt lugduuununizas padufoge

dumau 2 nrrananiaas MinaAlla Principal Component Analysis (PCA) liNaanl5

v ] U ¥ o 1

padayans Tnerliuansdnldaruau component winls

) Py = va . ) = ° &

ARaU 3 mmmmmﬂuﬂmu Decision tree (J48 algorithm) G4 NLLLIANARIU

Y, A A - Y P a & . = PN
”Lngmmn%lmmmvl,m 5Wiaas AD odor (NAUIBILIAA), spore_print_color (RUBITDLUNNN

ada9), gill-size (mmmmmﬂ?mﬁm), stalk_root (@”ﬂmum’mﬁﬂqmmﬁmmn), Bruise (s8¢

v
'

90J =3 a = 1 o o 1 = & QI (-3 a
TILUTRA) ANTINANITUAAIAIANNANATYIAIUGAZWIaaT 1At odor (NAUIALIA) HAN
o o dl dl . a dl ¥ (=3 1= o o

ANNANATYNINTAR WAz veil-type (THanaEiaiunaniia) i ud1Anas

Tunaw 4 N7 UNARLLA1a89 WN17udnuili classification report LA e
confusion matrix TnenaaWsnAe ananuIndayaisnun 8,124 dayaiii lddn1saiuun
UszinniaLag (accuracy, precision, F-measure = 100%)

8.6 UNA3NNIAYLTRY Mushroom Classification Using ANN and ANFIS Algorithm
el S.K. Verma way M. Dutta

a o d’j 9 o = o < 1 < [ b < a

nuaseildninisAnenisanuundssinnidasendnainsudsenulauaziin e
pamAtANI93aui189LATEY 3 WLLA1A89AD Naive Bayes, ANN (Artificial Neural
Network) waz ANFIS (Adaptive Neuro Fuzzy inference System) lagdumauluanuiqaii

z// 7 o A

4 TupauALiU Af

dumaw 1 nsutlastayaliag luguuunmanzan foanisandoyasunow ez vl
Normalization

:// o a rd' aa % 1 a dl v

dupau 2 nsaianiRasiNaanifresdayass taeliscymatiaild

g// v =l Y o o Z o d91 1

funau 3 N19aFNNTsTE U WNULLURNaessaINuLLanaed § Tnaluusas

° do v o o 5y . ° &

uuuaaasn Mduinimaaaslaeldaunnuas training set A11491 5 1WA AR 40%, 50%,
60%, 70% waz 80%

v

Tunaw 4 N9l UNALLLANARY AYEAT Accuracy, Mean absolute error LAY
Kappa statistic TnenaansAe LuLaNaad Naive Bayes lLag ANN ARwUA training set
Windu 70% dulidse@nsnanAndnaunm training set 81 Ae accuracy WiNfU 96.8173%,

Mean Absolute Error 111171 0.033 Wa ¢ Kappa Statistic 1Ny 0.9316 Inaiva e
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P2

wuuanaelilsr@nsnanlunng training set LWNL; WATULLAIABI ANFIS 1WA

ﬂ?:@ﬂ%mwﬁﬁﬁzﬁmﬂdﬂm 2 wnusnaasiaunin 1aed training set iy 80% ud
Us@nBN1NANIN training set au Ae accuracy iU 99.8763%, Mean Absolute Error
Winfiu 0.0008 LA Kappa Statistic 1vinfiu 0.9980 LL@zLﬁmemmm training set Lﬁ'm%u
UsyABnWANTY

8.7 UNAINNIAY Ld?im A Comparative Study on Mushroom Classification using

Supervised Machine Learning Algorithms Ime Kanchi Tank *”

£
a o a

v o = ° @ ' @ o v G a
QWHQ@HUIﬁ]WWﬂ’]EﬁﬂHWﬂ’W@]’]LLuﬂﬂﬁ‘zLﬂ‘V]LM@‘J‘KWJ’NLM@?Uﬂ@ﬁW’]‘LAi@LL@‘?&LMﬂWE

%

AEMATANITITEUSU89LATEY 6 LLUATA8Y AB Logistic Regression, Decision tree, K-
Nearest Neighbors, Support Vector Machines, Naive Bayes waz Random Forest
TAYNNTZUIUNITAUNA 5 TURRUNAN AD
fupeaw 1 n19angluuudeyaliunnzanuaznisuansdoya (Data Pre-processing
and Exploratory Data Analysis) Tnadinisuilasdesyatiufaiaufon Label encoder way
i llusaaiilu violin plot tNeAsaaaaLNIINIzAEFIastays a1nuuasldmatia one-hot
= o o A . > .
encoder LW@I‘Mmmmuﬂmm@mflugmmu categorical data WAIRMTIAAAL correlation
1 = g
IAIUFARENIRAT

¥

funau 2 nsuisgadeyaiy training set uas test set Inelddngau 70:30

u

=

funeu 3 n13Ufudavreurnaedteya (Feature scaling) Kasmpiiadi3andn
standard scaler

Funaw 4 n13afauazAaaeniliaafuaainlneniein Principal Component
Analysis (PCA) Tngnnnua i ldanuau component Winmiy 2 wiﬁﬁu

%umﬂu 5 mmé"’]\‘m%‘ﬁﬂuﬁﬂmLL‘Ll‘Llfvi’m@\‘i wazn19lsziliuna (A2an199nAN
Accuracy (1il W an), Precision, Recall, F1 Score, True Negative Rate (TNR), False
Positive Rate (FPR), False Negative Rate (FNR) iaz AUC score @11 ROC Curve)

o

NANNINAZAULTLANTAIN Ad LWLUUA1a89 Random Forest LAy K-Nearest

Neighbor 138A1 accuracy &1L test set N4 Aa 92.21% WAz 92.04% ANAAL @91

Support Vector Machine 1% A1 accuracy Wil 91.92%, Logistic Regression b9 A1

accuracy Winfiu 90.28%, Naive Bayes A1 accuracy Winfiu 89.75% waz Decision Tree

1WA accuracy Winfil 89.54%
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8.8 UNA2TNINE 384 Edible Mushroom Identification Using Machine Learning
e K. Kousalya, B. Krishnakumar, S. Boomika, N. Dharati, and N. Hemavathy @
a o/ dg/ v o =S o =3 1 =3 o/ 2 < =
uAsalannsAnEInsauundssinnidaszudnaiasulszn ulduasida e
Tnaldinatian s BauiveinTes AoeATeelaNTad1 WEKA (Waikato Environment for
Knowledge Analysis) Tneidingszuaunnsisuun 5 dupauudn As n1sAnnantgadaya, n1s
Angdunudeyaliiunizan (pre-processing), n19AnAanIaasuaLiin (Feature
selection), NM9AFINNI9FAUFIBIULILANASS LarN1TUszIdUNG (Foan13iAAT Accuracy,
Precision La¥ Recall) IngNan1snaAaadInu[n aNnia 22 Aaan® e (Features) U
. o v , e 4 a4
@maﬂwm:mium feature importance NUINVNGAAA Gill-color (AUBIATLLIR)
WATAINTY 4 LULA1ARIAE Logistic regression, Naive bayes, Decision tree (C4.5) Las
Support Vector Machine 14 191 Decision tree (C4.5) luuuuanaasn i@l Accuracy N
NNNGA AL 93.34%
1 dl tdld o % = [ % A = o A o a &
NANY 4 AUNHNINANNETRNATRYA kaziinnsAnReniaesizanisarinniaes

8.9 UNALNNASELTRY Classification of Mushrooms to Detect their Edibility Based

on Key Attributes 1#g V. Vanitha, M.N. Ahil waz N. Rajathi ©”

£
a o a

v o = ° < ' @ o v G a
mm@ﬂuimmmiﬁﬂmm@mLLuﬂﬂizm‘wmquwmmuﬂ@zmuimm:mmww

|
¥ A 1

FAENATANITIEEUSURILATEY AILLATAINaNTad7 WEKA (Waikato Environment for

Knowledge Analysis) ANYINIHN python Tm&ﬁﬂ?$UQUﬂﬂﬁ%ﬂﬁum 3 %umuuﬁﬂ An

Fumau 1 niswisendaya (Pre-Processing) Tnaiinisutasdoyaluiiaassines 10
HUf2189 wariinsfatliaasie “Stalk_root” (ﬁnwmmﬁﬂﬁ@q’ﬂmﬂﬁ’mmﬂ) falyl
ilesannnuAndng (missing) AMUIUNIN

A

dupau 2 nsdaaaniiaes 4 2 Fsuattnaunagiiaasiun i 14

79780 1 A" Wrapper method Hun1sAndeniiaesingAuqiainng
= o [y ° A A o % a A A P
Gaufuacnagaulunisairauuuanaesiiaanly laaldinatanisaaniiaasae

BestFirst 289uULANa89AR Naive Bayes, Decision Tree (38 J48) uaz Bagging

[

&115UAEN 2 Filter method MwmARA information gain attribute evaluator

[ o

T96109in1914N19%11 Rank search $auane gavinausanudWiaasinutiasngalu

2
{ o

aa :j/ Qdd‘ = o = e A QI (~3
TTNNABITNNAIINIUUN A1UIU 2 W1RaT AM odor (NAULDILNA) AL

spore_print_color (@re9sesfisnWaLlas)
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funeu 3 i auuusaesuazlsulsAnanm Wiuneuilf LS e iaus
1 WL AD J48 Algorithm (Decision tree) WarHN199AUsLANBNINAIRINTINN Cross
validation @119 10 Fold A28IA1 Precision, Recall Wa F-Measure

TneuadnsnlAAaLLILS a0e J48 Algorithm (Decision tree) Hilsz@nin1ng laail
A" Precision, Recall Uay F-Measure Useunmu 99%

810 UNAITNASTH 1309 Performance Comparison of Mushroom Types
Classification Using K-Nearest Neighbor Method and Decision Tree Method Tae Nadya

Chitayae waz Andi Sunyoto 2

24
a o a =] o

nateilaninisAneinisauundssinniinszwinainsuds enulduaziinne
é’wmﬂﬁﬂmiﬁ*ﬂui’mmm?"m 2 LLULA1889 A Decision tree way K-Nearest Neighbors
Tnaiinssuounn s 3 funeuman e

duneu 1 n1sdangtuuudeyaliunnzanuarnisuansdaya (Data Pre-processing

and Exploratory Data Analysis) HN17aLundayaNNA1919 (missing) 143U 2,480 kD9

U
1
= 1

TnaAndneiag luniang stalk root (AnwzsnTatilarainuaan) inliivaadaya 5,644
1% A o o [y . ' = -

wnadaya antuinisulasdayaiilupaee waInaaaall correlation 10IUAATNIADS

dumew 2 NsdnalazAnaeniiaafiaduin Inga1nnIsNanTUNAN correlation 184
Aafiudszinnaeaia avdeniliaasanuay 8 Niaaf A habitat, gill-size, population,
cap-color, cap-shape, veil-color, cap-suface AL ring—number1ﬂ1ﬂuﬂ]’um®uﬁi@1ﬂ

Z// % = v o a :,/ d”d

fupl 3 N194519N19IFELIINILLANAeY uaznistssiiuna Tneludumnauiiinng
711 Cross validation Iaglda11au 10 Fold Taaluusazsauil 1 Fold 1w test set @4
se@nsn1nidn i Cross validation score Winsiudatlsznavlilfqafn Accuracy,
Recall, Precision Wa2 F1 score &1115LLLLA1a89 K-Nearest Neighbors 11 8n15150AN
k_neighbor value Tua4 1 04 25 Tael k_neighbor value NANgAWNTL 11 (accuracy Wi
89.61%, precision vinfU 89.83%, Recall lWinfiu 89.61% WAy F1 score WiNfU 89.72%)
491UULANA24 Decision tree (CART algorithm) laifinnsszynisdiudinisiimeslng ne
H1se@nBa1nannAn cross validation score AN91LLLANA89 K-Nearest Neighbors A

accuracy WU 91.93%, precision AL 92.27%, Recall 1¥iniu 91.93% WAy F1 score

WINAU 92.10%
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Feature
Training Feature Max
No. Title Year Clean data  selection/ Model
size Importance performance
Extraction
nguT 1 : UAEINIg clean data uaz Feature selection / Extraction
Prediction of
Whether
Mushroom is MAX
JNN :
Edible or Relative Accuracy =
1 2019 X X 70% 161,501 N/A
Poisonous importance 99.25%
Epoch
Using Back- = “qgill-size”
propagation
Neural Network
Accuracy of
classification
poisonous or
edible of Accuracy =
2 2021 X X N/A X NB, KNN X N/A
mushroom using 100% (KNN)
naive bayes and
K-nearest
neighbors
Edible and
Poisonous
CV score
Mushrooms DT, NB,
10 (Accuracy) =
3 Classification by 2021 X X N/A X SVM, X
Fold 100%
Machine AdaBoost
(AdaBoost)
Learning
Algorithms
ngNT 2 : AT clean data ustlaid Feature selection / Extraction
LR, DT,
KNN, SVM,
Mushroom
NB, ANN, Accuracy =
classification Drop
COMBINE 94%
4 using machine- 2022 “stalk-root”, X N/A X X N/A
the decision (KNN, DT,
learning “veil-type”
of KNN, COMBINE)
techniques .
ANN nu

SVM
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Feature
Clean Training Feature Max
No. Title Year selection/ scaler Model Ccv
data size Importance performance
Extraction
ngu 3 : 9uRlaiinng clean data WHR Feature selection / Extraction
Behavioural Feature accuracy,
Features for PCA (13Ji:q Importance precision,
5 2018 X N/A X DT (J48) N/A
Mushroom n_component) => odor F-measure =
Classification (Max) 100%
Mushroom ANFIS with
Vary:
Classification Feature train size =
) 40, 50, NB, ANN,
6 Using ANN 2018 X Extraction (lad X X N/A 80%
- 60, 70, ANFIS
and ANFIS LYW ALA) Accuracy =
80%
Algorithm 99.8763%
A
Comparative
Study on
LR, NB,
Mushroom Accuracy =
PCA DT, SVM,
Classification 92.21%
7 2021 X (n_component 70% standard KNN, X N/A
using (Random
=2) Random
Supervised Forest)
Forest
Machine
Learning
Algorithms
Edible
Mushroom
Importance = LR, NB, Accuracy =
Identification
2022 X 12 features N/A X DT(C4.5), X N/A 93.34%
Using
(Gill-color) SVM (DT(C4.5))
Machine

Learning
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Feature
Clean Training Feature Max
No. Title Year selection/ Model Ccv
data size Importance performance
Extraction
Ngx 4 : (MUATTINIT clean data Uz Feature selection / Extraction
1.1 Wrapper
(BestFlrst) : NB,
Classification
DT(J48),
of
Bagging
Mushrooms
Drop 1.2 Filter
to Detect F-Measure
2020 “stalk- (Information gain N/A DT(J48) X N/A
their Edibility =99%
root” attribute
Based on
evaluator + Rank
Key
search) -->
Attributes
Odor,
Spore_print_color
Performance
Comparison
of Mushroom
DT(CART)
Types dropna .
%1 correlation a5y CV score
Classification 2,480 ——
P9Laas iy parameter. 10 (Accuracy) =
10 Using K- 2020 oM N/A . X
class-> 8 KNN : 151 Fold 91.93%
Nearest (stalk-
Features k_neighbor (DT (CART))
Neighbor root)
value =11
Method and
Decision

Tree Method
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1. TATANAUAZNITULT AT A

1.1 "ATaya

muﬁﬁﬂﬁ%’fﬁM@;ﬂ@mmimmmLﬁmﬂ?uﬁﬁmu 23 a8 uglunIzna Agaricus
ua Lepiota 411491 8,124 una Sefinnsszydnduifinfie viewinfisudsenuld Geldiuun
aniiules kaggle " tneidudeyad Jeff Schimmer Fuiluguianalfiu UCI Machine
Learning Repository laadx1a1ndasaluniisda The Audubon Society Field Guide to

North American Mushrooms (1981). G. H. Lincoff (Pres.), New York: Alfred A. Knopf ar

18)

¥

gpdayailsznauniadayasiuilsaiuiy 23 asanid laun Anasuuaniiia, ANy
dg/ a (=3 < a G (=3 a G [ (=3
WUHILUNNINLAR, 3UNTIIBIUNINLTIRA, AUBIATLLARA, AVINUULTATBIATLALNTUABNLIAR,

\ A ' a A 1y o A
TLUSUWNUNATULALLLAIRNCATU, ULIAUABIATLLNA, gﬂmﬁ\ﬂlﬂﬁﬂ’]um@ﬂ, @ﬂﬂm:ﬁﬁ'qﬂm'ﬂ%ﬂ@qﬂ

4
o A A A

ﬁquﬂ‘ﬂﬂ, %LL@mm:rm::mm‘wuﬁqﬁﬁum@ﬂﬁ@ﬂmmmmumq WYY LAZATUANTRIIUIL ,

u

|
v

UszinnrestieNunenidininy, Areqtianiunaniiin, AuauaguuLaedsin, 3Ud19ee
UL, FRETILINTA, NAUTLIA, RuessaaiuWaLles, AnMaurn1InNIzanesia / n1sinng
nauiugeia, UIannuRaiaasgiuls wazlssinnaeadia lnaiduauiaun

8,124 W02 AR 3
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FNIN 3 PEAziREALRITATRYATIARTL

AR Tayasiuds (Variable)

AMaBUNETays (Description)

al =3
1 AURIVNINLUA

(cap-color)

n Aa brown (HIA1AMN)

b A8 buff (RUNANAINIUAD)
o ¥

c AR cinnamon (AUNANARLILTE)
=

g Aa gray (1N)
A a

r A green (L8A)

o) Ag pink (THNY)
A 1

u A purple (H3)

e Aa red (1Le)

w Af white (219)

A A
y Af yellow (LWAa84)

2 ANHUTNURILILUNINTIA

(cap-surface)

f A4 fibrous (ﬁmu)
g Aa grooves (11uFa4)
y A8 scaly ({unan)

s A8 smooth (Gml)

3 sUvaveanneniiia

(cap-shape)

b Aa bell (N795249A37)
c Aa conical (N39N9981A2N)
A v
x A convex (Yulp3)
f A flat (LUWTL)
k A2 knobbed (¥38 umbonate AaANEzLY
FUNHANAEMTINANATULIUTDINNIN)

s A8 sunken (N]NTEINIEI)
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o @

¥ /s

[U  dananails (Variable)

u

a L

fu1eUaNa (Description)

u

AND

4

al al =3 .
AUDIATULUA (gill-color)

o

k A8 black (/")
n Aa brown (H1A1AN)
b Af buff (H1ANABNLIAB)
h A8 chocolate (TaAINLARM)
g An gray (1)
A =
r Aa green (L8A)
o A orange (4%)
o) Ag pink (THNY)
A 1
u AR purple ()
e Aa red (1Le1)
w Af white (219)

A A
y Af yellow (1a84)

ANTHUULIT ATRIATUL
b (=3
NUABNLIAA

(gill-attachment)

= = 1 a o % <
f Ad free (mi_ﬂul,l,ui_rmm_mmm@ﬂmm)

A = a o v (=3 o
a A8 attached (ATLWULTANLAKABNWAA T AL
LANANUAADR)

A . = a [ (=3 =
d A8 descending (ATLUWRLTANLNUABNIALALIN
NTLEUENBDNAINIAUNALNINANAIUABNLIAR)

A = a o Y =3 o
n A8 notched (ATLWLLTANLAUARNLAA TTeAL

LANANY LANTALUNNIANLRE

938 UNNRAIATULTAALLG

azA3L (gill-spacing)

[

A a
C A@ close (BLFAANU)

o

w P crowded (agjAinfuatinauuiy nanasly

winddudu)

o

d Aa distant (REUNINURENNAINT)

YUNAYRIATLILIIA

(gill-size)

b A8 broad (Wuuw")

n AA narrow (MAULN9)
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dayasiuds (Variable)

A1aBUNaIaYa (Description)

%
gﬂmmmmumn

(stalk-shape)

e A8 enlarging (UFufinuaanifinsuaneiliaunn
Tunjndngauuuaesinunaniia)

= . P @ A o ~ @
t An tapering (AumaniaRNANE s Baana

11TAL)

o a
@ﬂﬁm%ﬁ‘ﬁﬂﬂﬂ%ﬂ@ﬁﬂ

Auman (stalk-root)

b Aa bulbous (L3MalauiuAaniad AN
Wungzie)
= a ¥ (=3 [~1 v
c Aa club (LFnulauiusaninyuaanianias)
A a v (3 = % ]
u An cup (L3lAuAUABNiAdl volva Yuegily
g
= = o v =1
e AB equal (LTULULANANURADANTUABNLUA)
A U al o =l
r A8 rooted (UaraTAuiulanssdusnEzed
1 1
#1179 WA LHNNTUAN Y1)
= L. | o PR
? Aia missing (lWinM9szyAnEzansINNaglane
¥
NUARN)

z A8 rhizomorphs (Hsnuanuaeaanainlauiig

10

12
1

ad a v dl
ANUHINIUARNNDE

a

u??mmmﬁm\mmu

(stalk-color-above-ring)

n A9 brown (WAALTN)
= 901 =
b AR buff (UW1ANRRNLNADY)
¢ Aa cinnamon (WUNmaeuLe)
=
g Aa gray (:1N)
0 AD orange (d%)
= .
p AD pink (TNY)
=
e A red (LAN)
A .
w A8 white (A1)

A A
y AR yellow (L1Aa8Y)
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AR Tayasiuds (Variable) A1aBUNeTays (Description)
11 Kvesiuioniuneniag n A8 brown (WANALIN)
a ¥ 1 A 90J A
LTI UATUANIIUUIU b A2 buff (UWNANABNLUARN)
(stalk-color-below-ring) ¢ A@ cinnamon (HNA1aaL e
=
g Aa gray (")
A ¥
0 AR orange (AN)
= .
p AD pink (THN)
=
e Af red (LLAN)
= .
w AR white (219)
= A
y AR yellow (Wa8Y)
12 anmousresiuianiuaen  fAe fibrous (dudule / 1Ee)
a = = [~3
UTIDULULALL y AR scaly (unan)
. A . = al = o =
(stalk-surface-above-ring) k Af silky (HIUUNLWHAUAR)
s A8 smooth (Gml)
13 Anmouzresiuiaiiuaan  fAa fibrous (Wwdule / 18e)
a ¥ 1 = [~1
UTIUAUANNIIUUIU y A8 scaly (1JuWNAR)
. A . = Ql = o =
(stalk-surface-below-ring)  k Af silky (HIUUNLNNAUANR)
s A smooth (L?‘f;l‘].l)
14 dszinvaesdianiunen p A partial (ABRAWAULTIAUARNLIA)
WA (veil-type) u Aa universal (ABNH volva NlAUABNLIA T
anenuzilugag)
- 4 Ao & & H 1y
15 AURILELANUNABNLUA n AR brown (WBNALIN)

q

(veil-color)

o Aa orange (4%)
w Af white (217)

A =
y AR yellow (LWaav)
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AU Tayanauils (Variable)

AMaBUNeTaya (Description)

16 RIUIUNUIILLIRILTAA n A8 none (lunuaauma)
(ring-number) o A2 one (lemem 1 99)
A al Z\J/ % [
t AR two (N9 2 TUTRLNL)
17 9131999999U19U ¢ A cobwebby (Hudulandne ey uney
(ring-type) aanlufsrasrasnnaniin)
& o R ~ aa |
e AR evanescent (HANTUEN Lﬂul,m:ma?@mmmmﬂg
v A v
UUNIUADN UTAVREAINIRNNUALNNIN)
& . , 6 Alal o
f Aa flaring (LNWAINMNNANBEUZNINDAN)
A a 1 Z\J/ b2 < U,
| Ao large (Hawnlvg Inapguiiainuaeniiald)
A =
n A8 none (ldf09LM9L)
p A2 pendant (Muutiuianag)
s Aa sheathing (IWUNWFNTWALLIL)
A = 1 v
Z AR zone (Lflul,mumqj Imﬂmgmm NNUAAN)
18 sR8d LW t A8 bruises (N9ae191)
(bruise) fAa no (lud)
19 NAULBNLIA a A8 almond (NAUBANDLA)
& . A o v A a !
oqaor anise
(odor) | AR (nARITlann WTaNALUANMIINUEDU)

c A@ creosote (NAUUNNWENUTRL)
y A8 fishy (1duAN9)

f e foul (NAMMTUINNIszaama L)

o

m A8 musty (NAUMEUSL)

'
a

A 1
n A8 none (lHTNAL)

& a ~a
p AR pungent (NAUATITLANNYULALIAYN)

s A9 spicy (NALAAAANILATUNANLALIAYN)
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o @

¥ s

AU dananails (Variable)

u

AMaBUNaTays (Description)

20

al a 6 3
AURITDYNNNAL DT

(spore-print-color)

k A8 black (AN)

n A8 brown (ﬁf}m@m’fm)

b A8 buff (‘fﬁm@@mmﬁm)
h A8 chocolate (TaAlNLARM)
rAf green (ﬁm)

o A orange (4%)

u AB purple (H94)

w Ag white (217)

A A
y AR yellow (a8Y)

21

ANBUZNITNTZANYF /
NFNNENGNTUIBLTA

(population)

a Aa abundant (agiflungqulunjuins szeum)
A o 1 < al 1

Cc AR clustered (Lm::ﬂuLflum'ﬂmm WLATHNUANTR

TuFnouneai)
A 1 o 1

n A2 numerous (agjsaNrulungu)

s Aa scattered (BELENTY UUILINTZAANTZAE)

v e several (agjsanriuilunazqnidn 2 - 4 aan)

= ) . P
y AB solitary (BE/LLLAANLALIAI)

22

a

JRPN =
UTLITUNNNUELIBLUA

a

EEAIGINNG

o

(habitat)

A %

g Aa grasses (lunannin)

| Aa leaves (Lululs)

m A8 meadows (Uswauvenaiindnalung))
A a a dgl a

p AR paths (UFLITUNINLAU / LUNUAL)

u Af urban (‘ng‘jm)

w A8 waste (LF90na91sy)

d A8 woods (Luialal)

23

19znNNUBaLia (class)

e A edible (WinsULszN1ule)

A . & A
P AB poisonous (LAANIt)
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1.2 NMSULNTATRYA

¥

gadayagnuiiauiy 2 4a Ae gadeyad uiuaiisuuusnaad (Training Set) wazgn

¥

TayadUFUNAABLLLLA1A84 (Test Set) TuaNIIUA1e] AU 3 8REIU (10918Y4

v
1%

MIMUARIUIN 8,124 3181117

¥ o o % o

1.2.1 gadR3ad MILAIULLA1a09 Fie TadeyadIniLNAFaLLLLA1a0Y

a

Winfy 50 : 50 Tedmendauaasdeyaninanuauaaciiniiu 4,062 : 4,062

(Training size = 50%)

¥ o o % o

1.2.2 1ade3ad UFLATINULLANA 5 TATRYARINTLNAABLILLANASY

a

WAL 60 : 40 T9dRgdauresdoayaniNa uInteiniiu 4,874 : 3,250

(Training size = 60%)

¥ o [ % o

1.2.3 1adR3ad 1 MILAIULLA1889 Fie TadeyadIniLunAdaLLLLA1a03

a

Wy 70 : 30 F9dmsdonaavdayanINaIuIuaagLin Ll 5,686 : 2,438

(Training size = 70%)



2. N19RANLULITNITANLRUIIUIRE

. . WIAN
WIINTATRYA, . J
- . nviLA LAY ANANUS
UATIEU .
Feature, ANA wasAn e,
Input LASNIAIN » » » IININIBHA
5 Target (Encoder) (correlation)
Clean data acann
and I
Pre- v
processing wisgadeya (Train-test split)
5ug9reuLanesiiaes (Feature scaling)
2 o [ o a a = r?/
ATNUULANA9Y, UFU hyperparameter UWazdntsz@nsnn (Wiaafianum)
Processing Feature Selection : Feature Extraction :
RFE, Chi-square (LAazuuLaNans PCA (WAAZLULANAR9NTaNAL
WiaNALU hyperparamer) Lay hyperparamer) Las
ezliuLlse@nsnInmy test set UselluLlse@nsnanniu test set
a s dl o A o =) o‘dl o
AATITYNA NBARLABNULILAIABILATIHIADT MUNIZTANANUIU 1 1A
Output l

WU NTALLaUNA AT

ANUTENAL 17 AMNIINNIFANTUNITIRE
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AINATNUTZNAL 17 BILAAININTINTAITUADUNITANTUNITINUAILTIUNA Tael

a = 1 :,/ v Y oo
PP T T PR P N SIZ R FA AR Yot ! slumm@am”Lﬂ

3. MeUsEaIaNALAENISIASIZUTDYA
3.1 Msudngatayauasd1sIatada

TuRauNIIANHUIRENAuAINNTU g Aday A 881U T AATUA WY

1
o

23 a8 WUglumITN A Agaricus LAY Lepiota Nuandstaaziaen tneldAl49
df = pd.read_csv(‘file.csv’) mnﬁuuzﬁmmmzﬁm%ga 5 W9LN WA (dataframe)
TneldAn4s df.head() WiaNALLAAIRIUIULDT, ARANUTAMNA LazTiintesdayalulsiay

Aaany neldAn4dd df.info() Aannwdsenay 18 waz 19 MNAAL

class cap- cap- cap- bruises odor gill- g:.:.ll- gl]_'l- gill-
shape surface color attachment spacing size color
0 p X s n t p f c n k
1 e X s y t a f c b k
2 e b s w t I f C b n
3 p X y W t p f c n n
4 e X s g f n f w b k
stalk- stalk- stalk- . . . . spore-
color- color- veil- veil- ring- ring- . . .
surface- print- population habitat
. above- below- type color number type
below-ring . . color
ring ring
s W w p W o] p k s u
S w W p w o] p n n g
s w w p w o] p n n m
s W w p W 0 p k s u
S w W p w o e n a g

1
o

ndsznay 18 Fveteleyaliun1319289 AR NARLANATUIU 5 WALIN FREAAY

df.nhead()
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<class 'pandas.core.frame.DataFrame’>
RangeIndex: 8124 entries, ©® to 8123
Data columns (total 23 columns):

# Column Mon-Null Count Dtype
2 class 8124 non-null object
1 cap-shape 8124 non-null object
2 cap-surface 8124 non-null object
3 cap-color 8124 non-null object
4 bruises 8124 non-null object
5 odor 8124 non-null object
6 gill-attachment 8124 non-null object
7 gill-spacing 8124 non-null object
8 gill-size 8124 non-null object
9 gill-color 8124 non-null object
1@ stalk-shape 8124 non-null object
11 stalk-root 8124 non-null object
12 stalk-surface-above-ring 8124 non-null object

=3
Lad

stalk-surface-below-ring 8124 non-null object

14 stalk-color-above-ring 8124 non-null object
15 stalk-color-below-ring 8124 non-null object
16 wveil-type 8124 non-null object
17 wveil-color 8124 non-null object
18 ring-number 8124 non-null object
19 ring-type 8124 non-null object
28 spore-print-color 8124 non-null object
21 population 8124 non-null object
22 habitat 8124 non-null object

dtypes: object(23)
memory usage: 1.4+ MB

nilsznay 19 uazieenesgadeyafasn LWL AauIuwng, pedNIlINA uazaiin

a

1
v o o

PUBNA AIEARS df.info()

u

3.2 NM5MIANNAZBIALAZIASIZUTBYA

z‘l/d o | ¥ v dl % 1 ° ¥ P2 4?1
Wqﬂuu@ﬂﬂiuRMQﬁﬂﬂﬂH@IﬁUﬁNWS@luW@IM@WNWiﬂ@Wu%@ZWWﬂ%qiuﬂﬁlqiﬁﬁqﬂﬂu

R
ZDe

3.2.1 wasugepednysne limunzan Inauwnui iy " ietdaei
v y
ngdnladdluATasrunaal
3.2.2 wlasugduuudamauvesieyalunadn ring_number Tfidusiaae
4 . 4o v od o a4 o o
WNULHAIAINTEYINUIUYBINLUUIUNNY d9uARaNRUNMAS NIn1nilas
sduuudanannlagunueianmataliduaan 1w luaedn “habitat” ian1s

wWaauann ‘g’ 1l ‘grasses’ 1umw
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3.2.3 1laudenaduiiaes class linaned class_ep euAniaeenisld
ANE991 (reserve word) 284 python

324 Lﬂ?ﬁlwmﬁmm%’mﬂ@luﬁ@ﬁuﬁ class_ep a1n object Lilu category
wazdayaluAaani ing_number ¥annsulaauann object [HUAILATANUIULAN

(integer)

1 '
a o

Tnagpdayaniiunisdsuwsialfinuncanudn aunsonansls Tneldanda

a

df.head() waz df.info() BNASI MNATNLUILABL 20 WAL 21 ANNATGL

class_ep cap_shape cap_surface cap_color bruises odor gill_attachment gill_spacing
0 poisonous convex smooth brown  bruises pungent free close
1 edible convex smooth yellow  bruises almond free close
2 edible bell smooth white  bruises anise free close
3 poisonous convex scaly white  bruises pungent free close
4 edible convex smooth gray no none free crowded
gill_size gill_color ... stalk_surface_below_ring stalk_color_above_ring stalk_color_below_ring
narrow black ... smooth white white
broad black .. smooth white white
broad brown .. smooth white white
narrow brown smooth white white
broad black ... smooth white white

veil_type veil_color ring_number ring_type spore_print_color population habitat

partial white 1 pendant black scattered urban
partial white 1 pendant brown numerous  grasses
partial white 1 pendant brown numerous meadows
partial white 1 pendant black scattered urban
partial white 1 evanescent brown abundant  grasses

o 1 £ ¥ dl 1 o 1 v % o ;/
nwsenau 20 lﬁl'l‘ﬂil’]\m‘ﬂ?,;ljﬂium’]?qﬂﬂ‘ﬂfl‘qWll’ﬂllﬂ‘l’]N’]uﬂ’]ﬁ‘ﬂ?ULLﬁl\ﬂMquﬁf@N AEIATA

a

df.head()



44

<class 'pandas.core.frame.DataFrame'>
RangeIndex: 8124 entries, @ to 8123
Data columns (total 23 columns):

#  Column Non-Null Count Dtype
2] class_ep 8124 non-null  category
1 cap_shape 8124 non-null  object
2 cap_surface 8124 non-null  object
3 cap_color 8124 non-null  object
4 bruises 8124 non-null  object
5 odor 8124 non-null  object
6 gill_attachment 8124 non-null  object
7 gill_spacing 8124 non-null  object
8 gill _size 8124 non-null  object
9 gill color 8124 non-null  object
18 stalk_shape 8124 non-null  object
11 stalk _root 8124 non-null  object
12 stalk _surface above ring 8124 non-null object

13 stalk_surface below ring 8124 non-null object
14 stalk_color_above ring 8124 non-null  object
15 stalk _color_below ring 8124 non-null  object
16 wveil type 8124 non-null  object
17 wveil_color 8124 non-null  object
18 ring_number 8124 non-null int64
19 ring_type 8124 non-null  object
280 spore_print _color 8124 non-null  object
21 population 8124 non-null  object
22 habitat 8124 non-null  object

dtypes: category(l), int64(1l), object(21)
memory usage: 1.4+ MB

'
a

nwdsznay 21 Meaziesnvestadeyantiunsl iU iiinzan daamrds df.info()

v 1

3.25A39AARUA99 hazunodayandiduindusall daaAnd

df.isnull().sum() wa e df.duplicated().sum() TAATNITOUAASELARNS A AN

1 ¥ o

nwilsenay 22 wazilaansundaya lulsazsudswudndeyadauilslunadusl

u

[ o

“stalk_root” (Anwrouzaniagjlarainuaan) TulnIsENA1919698 A9 “missing”

8¢l ANANLsznay 23
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FA1UIUATT NI

class_ep

cap_shape

cap_surface

cap_color

bruises

odor

gill attachment

gill spacing

gill size

gill color

stalk shape

stalk_root

stalk surface above ring
stalk surface below ring
stalk_color_above_ring
stalk color_below ring
veil type

veil color

ring number

ring type
spore_print_color
population

habitat

dtype: inthd

L Qe T oo Qa0 e o R o 0 e v 0 e e v R e o v R e 0 i R i

v 4% o
Frurunaliayaiidiiu: 8

v
o

AMWUTZNAL 22 ATIRABLATUIUAING Lazlndanadni

u

stalk root
bulbous 3776
missing 2488

equal 1128
club 556
rooted 192

Name: stalk root, dtype: inted

nwdsznay 23 dayasdautlsluaadn stalk_root (Anwuzsnielaaiiuaen) Ninng

WANANIINAANTT missing
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3.2.6 NM9ATZILTNANTIa (Exploratory Data Analysis)

ISP

saliawinnisnsiteya fenismanuauniglupedusibiie 918AF

wsuAardanls anuauwinle wazniauwdanwiumiansulseniulaaiuauminls

Y o

Tpeuandun I NLYNsEndNsTRatadsqul st ua uuniule senwtsznau 24 @9

¥
=

uanaImiwdnlugadayauianuawianiutlsznuls windu 4,208 4aya way

u

o !

RANUIUAA NN 3,916 TaA %uﬂummuﬁmﬂﬁu

a

4000

3000

count

2000

1000

edible poisonous
class_ep

ndsznay 24 naauvisuansauIntayalin uusazlszinm

class_ep
mm edible
W poisonous

count

brown gray red yellow white buff pink cinnamon  purple green
cap_color

nwtlsznay 25 namuviauassauutayaTeinaNAsemNanitia Insuanaulsenn
wiade waziindulseniuls
anawilszney 25 uanaliisiudn winlugadeyatiniasesunaniviailuduinig
»  a = . G o o 4 A e a . A = =
s, Amn, dene wudndusindudssniuldludadounuinnduiniie dounidudun, &
2 ] @ a = e > @ Ao @ ad
wiaes nudndudinieludndounuanndndinfudseniuld wazdinninuaniindau

WUINHANUIUARLT 9B
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1750 1 class_ep

mm edible

1500 A W poisonous

1250
4+ 1000
750 -
500 -

2504

4

scaly smooth fibrous gm;ves
cap_surface

nnilsznau 26 NIMUVNLAAIAIUINTBYATENTIA R NANHUE RURATIMKINLITR Taeiuen
AN NN AN uaziiasuLlszniwls

4
a o I~

annntszney 26 uanaliiiiugn winlugadeyainianeueNuRauuINanin

Wuaw wuddumiasulsen 1 wla lugndaunuinndnfianse guianians s N1

< < = ! @ A ! ndl ! & o ¥ (=3 dl
nuanwiauinga waz @y ‘W‘LIQ’]LﬂuLMﬂWHluﬁ/ﬂﬁQuVm’mﬂ‘)’]LM@?‘].I?J?ZV]’]TH@ HAZLUAN

o

= tﬂ’l a @ ! 1 Ao ! ¥ ¥
LANBUTNURILUUNANALTUTIINLATHA T WIUAA NI TR

2000 1
class_ep

mmm edible
s poisonous

count

32

convex flat knobbed bell sun'ken con'ical
cap_shape

4

ndszney 27 nanwriuansauIuiayarelinn N s resNanin TneuennN

Uszinndiafie waziinsulseniules

L2
aaa

annwdszney 27 uaasliiiugn winlugadeyaiindslnssreanuanidiaiduyu

a

189 uaenseszdls nudndumindulsenula ludndoununnninmia iy douinfniginss

A

pasunaniinlusunanagasanats wusndumiais ludadounuinndinsulseniuls

! =3 dld (=3 J & o o ! dl ' v o (=3
mummwmﬂm\im\mmﬂmmmmmwmﬁLﬂummuﬂ‘a‘zmﬂmummuw NINUNLLNA

a

£
o I~

Wit UAZIANHANHUTNURILUMNANIALLLAW] NudiiauauAeud1ias
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1750 1

dass_ep
= edible
= poisonous

1500 4

1250 A

1000 +

count

750

500 1

2504

buff pink white  brown gray chocolate purple  black red yellow orange green
gill_color

nwilsznau 28 naMuieuansauINTayaTasTinnNATBsATLWA Tnauanaulszny
WA waziinsulseniwle

aa

aannanisenay 28 waneliiviugn wWinlugadeyatinidvesasudindudauy, 4

'
al

a %:l 3 a o ' A o ] = ' @ a <
2719, AUIRANALLN, AN, AAN Wm']Lﬂummuﬂ@zmﬂmummmuwmnﬂfnmmwa:r ALY
R A o a8 = ' @ a | G = N =
WﬁJﬂIﬂQﬂ?ULMﬂLﬂu@u’]ﬁ]’]@’ﬂNLM@@\?WUQ’]LﬂuLﬁﬂWﬁ AVUIANNRIATLLAALTUANN LA
a 1 @ A o ] dl ' & o v @ aid-:l Gl <
atanlnuam wmﬁLﬁummwﬂummmuwmmfnmmuﬂszmuim LASLUANNRATAIATLILIAA

dd‘ 1A o 1 ¥ 3
Lﬂuﬂ'ﬂu"] NWUINMHNAINUIUARUTWNUBEL

4000 class_ep
mmm edible
3500 s poisonous
3000 A
2500 1
-
c
8 2000 1
1500 -
1000 -
500 -
0- 18

attached
gill_attachment

nisenay 29 NIMUVINIAAIA WU BYATBLTARINANNULLITATIATLTATLAUASN

wWin TasienanNlssinnidiane azinsullszniule



49

Aeiu Wuinsulsenulsludagounvinduiudiane d0udia

annainisznay 29 uaasliviudninlugadeyaiin
o o o 1 Ao ' ¥ ¥
Muluseaiunaiunaan wuddauauAawdinadas

a (=3 o v 1

ﬂ?ULﬂﬂﬂUﬂquﬂﬂﬂiﬂJLLuu
A A @ o v =
NATLUMANUATUABRNLLULITA
3500 4

3000 A

class_ep
mmm edible
2500

B poisonous

count

2000

1500 A

1000 A

500

close

crowded
gill_spacing

nwilszney 30 namuviauassauudayaTeinnNIztzisIesAT LI azATU Tag

wenANUssIAniane waziiniilszniule

¥ o1
a A (3

annnisznau 30 uansliiliiugn wWinlugadasyaiin

AUAALATLIUE AR

ATLI
wudtumaN e lugadoun N nndiasuUsen 1wls dauiFeaRnanu

= ] '
wuuvuuuulne
windnududu wududwdiaiulsznuldudadaunuinndmiafi

class_ep
= edible
B poisonous

broad

gill_size

narrow

niseney 31 NaMULAANRTUIUT B ATBILTARNIUI ATBIATLIA TaRiLeneN

ssianisiaie wazindulssniule
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annnisznay 31 waasliiind winlugadeyaiinesumiadudunun wodudu
Wnsusenulaludndaunuinnddiane gouniduiduune wuddumiansludagouin

ynndsinsulszniule

2500 1 class_ep
= edible
e poisonous

2000 4

1500 4

count

1000

500 -

tapering enlarging
stalk_shape

nwilsznay 32 nemuieuansauutayaTasinnugLnsaesituaen Taauanaiu
Uszinniiane waziinsutszniule

Y o1
= % <

aannndsznay 32 wanslising winlugadeyatinduneninldnsnisFeadn
adltnlau nusndusinsulsen ulaludagaunuinndndiaie 4ouianssnniiusen
=3 v 1 = 1 1 ] v =3 1 =3 a 1 ¢=|I 1 (=3
Winsnuatslawaluaindndauuuaesinuaandia wuddudansludadiuiunnndndia
sutlsemulenanias

2000

class_ep
m edible
. poisonous

1750

1500

1250

1000 -

count

750

500

250

bulbous missing equal dub rooted
stalk_root

niseney 33 nemuvisuaasauudayaaaina AN EuzsINNaglaaiiuaen o

wenANUssIANIiaNE Laziinsulszniule
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al

annnandsenau 33 uaneliimiudn wWinlugadayaiusnulaudiuneniing

D

anmuvtlasdunszily wudndumiasulsenulaludadounvindusuiane 40uiad

paaAfIuAeNIIAFILENauAses WTaLTnulaui uaanyuaaniantas vialaialau
U a :I/ 1 =3 o o ] dl 1 [~3 a =3 dl ]
NulugnZeaaennsiu wudndumindlsenulaludndounuinnddia i watini lunwy

v

AyATIaIANHUTIINTatlaaiuaentiu (missing) HAauILAaUE9HIN

class_ep
mm edible
B poisonous

count

9%

T
white pink gray brown buff orange red cinnamon yellow
stalk_color_above_ring

nwilsznay 34 namuvisuansauIndayarein AN AN URaRBABNTIL LT MTLEN
wou tneuenmuszinniiaiy uaziiniuseniule
annndsznau 34 wansliiiudn winlugadeyaindanuinfinuaennasism
A = ! @ o o ] A ' @ A ] a '
widasauwilugng wudniuiaiulssnuliludadaunuinndimiaiie douding wudd
Wwiinfutlsznauld doudany, dunniady wudndumiafwludadaunuinniaina

Furdsgmuld donduenasuwaeanusududiaiie uazdau] wudiiaeurewdinales

class_ep
mmm edible
BN poisonous

white pink gray brown orange cinnamon yellow
stalk_color_below_ring
5 a v 1

nilszney 35 NIMUYNLAAIANUIUT BYATBLTARNNANURATNUABNNBL LT UATUA

£l

nauuau Insuanmulssinnisiane wazinsuilszniule



annndsznau 35 wansliiiiudn winlugedayaunidanuiafinuaeniegusion

U

FUa199uULTuA Y19 wudduinsudsenulaludagounuinnddinfs d9udmn
wudndumindutlseniuls doudsusy, Asnadun wodududis iy ludadeunuinnduia

Fudsenuld donBshmnasumassnudududiaiie uardau] wudilanurewinales

class_ep
B edible
= poisonous

count

16. r 8
smooth silky fibrous scaly
stalk_surface_above_ring

nnilsznay 36 NINLYINLAAIA UL RYATBILTRAITNAN T IANRURSINUARNTIaE]

a

Unnmtansuou Inauanainlssinnidiane waziinsuilszniules

arnanilsenay 36 wanalimiudn wuddialugadeyaiiniuiaiiuaanias

U

annmtlessunuiidnsazGuus eedudulontie wudndumiafusznuldludadon
¢=ll ! < A ! t:it:l o ¢=I A o A ! @ A o ] A:i !
funndndiafie dounfiansuziduauiinmilend d wudnduwbiafisludndounninndd
Winfutszmuls wasniduwindanudndauaudeudiedes

3500

class_ep
m edible
m poisonous

3000 A

count

smooth silky

fibrous

scaly
stalk_surface_below_ring

nwilsznen 37 nauvsLARIANUINT Y ATBTARNAN BT IBI N R T uABNTIaY)

a

13 UANUANNUWL Tasena N sz N e wasinsilszniule
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4 1
= a v =

arnnndsznen 37 waneliiiugn W lugadayainnulonuasniiagusiam

Aua1euuildneur ey vieedluduleate nudududiniudszniuldludndoun
! & A ] dldo/ QI A o A ! @ A ] dl ! (=3

dnnddinie deunianeuzduruiinmieudd nududuliaisludadounuinndiidia

sutlsznule wazPiduinaanudindanunuAaudntias

class_ep
mmm edible
W poisonous

partial
veil_type

¥

nwilsznay 38 namuvisuansaundayaresiinnulssinneeatieniuneniin Tnauan

putssinndiafe wazinsulseniule

aannwdsznay 38 uansliitiugy winlugadeyalinditieniuaaniinieatsznmg

1l

a - A a Y &
LAEINUU ﬂﬂﬂ?gLﬂV]VIWU’N LUAUUTLITUNTUARNLUA

4000 class_ep
mmm edible

3500 W poisonous
3000 -

2500

count

2000

1500

1000

500

a8

T o

white brown orange yellow
veil_color

nwtlszney 39 namuiauansduudeyareinnndrecitianiuneniia tnauanniu

szinnisiaie wazindulssniule

1
A v

annnilsznau 39 uanaliiugn winlugadeyatindneuteniuaaniiaiugng

wudriusinfudssnuldludndounvinfuiudioie uas@au nudfiawiudeudias
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class_ep
mam edible
s poisonous

3500

3000 A

2500 4

2000 4

count

1500 4

1000 +

500

72 : E

1 2 0
ring_number

ndsznay 40 N2NLYNLAAIAIUIUTRYATBAUTANTNATUIUINUUILIBLTA TntuenAIN

Usvinndiafe waziinsulseniules

annndszney 40 uansliitiugn Winlugadeyatnilawiusaunauzeadina 1 9u
wudndudinsudsenulaludndaunvinfuiumiane douniaainugaastudauiunudn
Wuiasulsenulaludngaunuinndniaone d91N lHNU LI uNL9I N[ uuAR U

¥
Uuatl

class_ep
mm edible
B poisonous

pendant evanescent large flaring none
ring_type

nwdsznay 41 naurNUAAIATIUTRYATRANIAMINSLIFNT AU TRtuENmTN
dszinniiniie uaziindudseniuls

L2
' =

annndsznay 41 uaneliiindy wialugadeyatinglsenesaaunan Nanwue

a a

Wuwdudesas wududuinsudsenuwldludadaununnnindaise doundansemeiide

o dla 1 v | £% 1 [~3 a o 1 dl
WETaNInAnaguuiTuaen wialesasNtanaaunnan wudtuianeludndoud
wnnainfulsznuld douniansus unjauaguiseaniinenld wudndumiaie uay

'
o A

PRANHULAW| WU wINAsuTatiey
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class_ep
m edible
= poisonous

no bruises
bruises
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1750 A class_ep

m edible

1500 4 W poisonous
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count
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500 4

250 1

o L I 48 4B, A8
white brown black chocolate green purple orange yellow buff
spore_print_color
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mmm edible
I poisonous
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population
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1880 class_ep
1750 A edible
poisonous
1500 4
1408
1250 1268
£ 1000 1008
8
750 740
592
500 A
4 272
250 240 et 192
136 g6,
0 T T T T T T 36 T
woods grasses paths leaves urban meadows waste

habitat

nidsenay 46 nemuvisuaasauIudayaIaaLina LT INLIRaLTARLELTR Tag

uenANUszIANITiaRE wazindulszniule

ananlsenay 46 waasliviugn winlugadeyatiniasayiiulaeguuvianlsd wive

o
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N e 9 aw , 4 o z
ANTBYANNANINMAINLIIARANUNTR “veil_type” (Uszinnaevitianyunaniing

2 o A TRy " . 4 o = o o
WU) dunuAFulsuATaLAEY A partial (EaYNABNWALLLNWAY) kazluaaduTe
“stalk_root” (zﬁ“ﬂwmzmﬂﬁ@fgﬂmaﬁmmﬂ) NUIIHANII9[UIUNIN (30% SRERE

3 [ 5 =2 [ ¢ o rdal | o a = % dl
MNUA) ANTANALIABRANY 2 m@uuﬂﬂn@umiﬂ%’ﬂm@umﬂuﬂmﬁ‘wﬂugmmme

3.3 mamuunamandsnu (feature) uazmauilsma (Target)
AnuadnpaaNdladuiliaes (X) wazrada Nl laduadansa1nN1T1U8 384

o a o dg’ Y o v [ %3 e‘d‘ ” o S o
wuvuanaed neluanuddeillanuunlineduilde “class_ep” WuLadNEAIAN1TNUNE

[
el A

doupaanmasudsaIninanare ngadeyalnaau Aednilfae “veil_type” uas

“stalk_root” lludn (m@e 20 peax) lagninuusliiduninesauadalunndseney 47

X_forOrdinal = df[['cap_shape', 'cap_surface', 'cap_color', 'bruises', 'odor', 'gill_attachment',
'gill_spacing', 'gill_size", 'gill_color', 'stalk_shape', 'stalk_surface_above_ring',
'stalk_surface_below_ring', 'stalk_color_above_ring', 'stalk_color_below_ring', 'veil_color',
'ring_type', 'ring_number','spore_print_color', 'population’, 'habitat']]

y = data_new?2['class_ep']

'
o

ANUsznau 47 AEIGUFLNNTNUUARLWLTAU (feature) WazFaLLIAN (Target)
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L4 v @ s 1 o a J 1 L4
34 n1sudastayaliiduaaias uasnIAIAMNANANUETEUINNTaY S
(correlation)
anivAasiwesilulasdeyaliidusonatanldipsesiiantadn Ordinal encoder

=

4 Uszinnaaaiia (“class_ep”) n1sutlasdayaliidudoaalneldinsesiianaedn
Label encoder AuAAIlUNWszNaY 48 TaLiiaRt (poisonous) gnutasiiludn 1 dau

winnsudseniuls (Edible) gnutlaaiiuen 0

ordinal = OrdinalEncoder()
X_Ordinal = ordinal.fit_transform(X_forOrdinal)
le = LabelEncoder()

y = np.array(le.fit_transform(y))

ndsznay 48 sivatvAndanisutlastayaliiilusaiee Ineld Ordinal encoder uaz

Label Encoder

dl ¥ o Y K| ! % o o ! ¥
WadayagnudasidudimawatasainisaniAinuduiusszudnedeya
(correlation) la tWansaaaaud meslaiannduiusivlssinnaeadianinign Ine

ANMNIOLAAIANANNANTUS Tz aya LA INWLsTNaU 49 Feainnsnasune lasail

1
= o

Taaidadn “gil_size” (Aurnaasriudia) Sanuduiugunniigaiulssinnies
5im TaeiAn correlation WML 0.54 uasiiaeTid AN uduius Uz nI0efiasesasun e
“spore_print_color” (A189s08ANWaLaF) wag “bruise” (i'ﬂﬂ%ﬁuulﬁm) IpeIdlAN correlation
YN 0.52 WAz 0.50 ANNSNAL Beilannuaenndesiiandde 3 Ges Tdunumaanuans V.
Vanitha, M.N. Ahil wa e N. Rajathi °”, unma1uw89 Eyad Sameh Alkronz, Khaled A.
Moghayer, Mohamad Meimeh, Mohannad Gazzaz, Bassem S. Abu-Nasser Lag Samy S.
Abu-Naser ““ wazunA9 18 w89 Shuhaida Ismail, Amy Rosshaida Zainal ka2 Aida

Mustapha “9
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Correlation between features of mushroom data in ordinal type
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ndsznay 49 AnAvNANUsITIINedaya (correlation)

L4

3.4 mﬁm.ia*‘qmagaLLazﬂ%‘uﬁfawaumemﬂﬂm% (Feature scaling)

antiAnihgadeyalludaiu 2 dou Ao gadeyadiniuadauunanaes (Training
Set) uazgadayag niLnARaLLLILA1aRY (Test Set) saemalla Train-test split 1w
Fasdansuay 3 8Randau Ae 50 : 50, 60 : 40 Uua 70 : 30 TaeluusnzAnId il

¥ v !
wiare 2 dszianluis 2 dou dludnuauing i masdeteAndalunindstney 50

#uivdayadmiu Train uaz Test model tnaintisgadasalifa test_size = 0.50
from sklearn.model_selection import train_test_split
X_Ord_train, X_Ord_test , y_train, y_test = train_test_split(X_Ordinal,y, stratify=y,

test_size = 0.50, random_state= 1)

ndszney 50 etdwAdanisutgadeyaludndau 50 : 50

wanti ldfudasaeuwmnaesiiaes Tnaluwanuddel dmaliandedn MinMaxscaler
7915 AN 43 fit_transform i1y Wiaaflugadeyadinivainauuuaiansneu uaaaeldan4da
transform iU Wiaaslugadayad uiunagaauuunaiass aausaateAdsluniniszney

51
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scaler = MinMaxScaler()
X_Ord_train_scale = scaler fit_transform(X_Ord_train)

X_Ord_test_scale = scaler.transform(X_Ord_test)

1
o

nilsznall 51 sratinemdanisliudasratiapuasiiaas

4. NNFASUULAIADY azilsziNulssANE NMWLLLA1aD9

b d

4.1 M9RENLULANRDIAIEN LQ’ﬂé‘ﬁJ\‘iﬂuﬂ

o dl a o dgjd 3 A . . .
WULANA9N M UK TN 5 LULA1aed AD Logistic regression, Support Vector
Machine, Decision tree, Random Forest ua s XGBoost TagluN174 5194 ULAN A DI
o Y | 1 dl o v o a £ dl
5 LULA188 te15UquiieAn Hyperparameter MM ULLILIANA8IHANAIINYNFABININTIG A
faemATlANTa41 RandomizedSearchCV @qidumaiian lfnanlun1sdszuaana liunn
TneAneen19A149229n1745 19U LLAa894ATN19UFUUNI AN Hyperparameter 189ULAAE

uuvanaad Wulaunindsznay 52 — 56

LR = make_pipeline(LogisticRegression(max_iter = 10000))
param_rand = {"logisticregression__C":np.linspace(0.01,100),
"logisticregression__penalty": ['I2','I1", 'elasticnet’, 'none'],
"logisticregression__solver": ['newton-cg', 'Ibfgs', 'liblinear', 'sag’, 'saga'l}
log_reg = RandomizedSearchCV(LR, param_distributions=param_rand, cv=5, random_state=1)

log_reg.fit(X_Ord_train_scale, y_train)

NNsENel 52 FataANA9T89N19AINNLLUAIABMATN9LFLqUIN AN Hyperparameter

1RILLLAIA8Y Logistic regression

SVM_pipe = make_pipeline(SVC())
param_dist = {'svc__kernel': ['linear, 'rbf', 'poly"],
'svc__degree': np.linspace(1, 5, 4),
'svc__C': np.linspace(0.01,100,20),
'svc__gamma': np.logspace(-3, 2, 6) / X_Ord_train_scale.shape[1]}
svm = RandomizedSearchCV(SVM_pipe, param_distributions=param_dist, cv = 5, random_state=1)

svm.fit(X_Ord_train_scale, y_train)

nlszney 53 ANaENANAILBINITAFINILLLIANARIUAENITU LU AN Hyperparameter

YAULLANADY Support Vector Machine
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dt = DecisionTreeClassifier()

dt_param = {'max_depth'": [int(x) for x in np.linspace(0, 50)],
'max_leaf_nodes": [int(x) for x in np.linspace(0, 50)],
'min_samples_split": [int(x) for x in np.linspace(0,50)],
'max_features': ['sqrt', 'log2']}

dt_search = RandomizedSearchCV(dt, dt_param, cv=>5, random_state=0)

dt_search.fit(X_Ord_train_scale, y_train)

NNLITNeL 54 At NANAIT89NN9AINLLUAIABIMATNTUFLqUIIAN Hyperparameter

IR9WLLIRANABY Decision tree

rf_model = RandomForestClassifier(n_estimators= 300, n_jobs=-1)

rf_param = {'max_depth': [int(x) for x in np.linspace(10, 100, 20)],
'max_leaf_nodes': [int(x) for x in np.linspace(10, 100, 20)],
'min_samples_split": [int(x) for x in np.linspace(10, 100, 20)],
'max_features': ['sgrt', 'log2']}

rf_search = RandomizedSearchCV(rf_model, rf_param, cv=5, random_state=1)

rf_search.fit(X_Ord_train_scale, y_train)

'
o

nszney 55 AL I9AN49289N 198 INULLAABIMATNIUFLqUIN AN Hyperparameter

Y9K11IANA89 Random Forest

param = {"subsample":[0.5, 0.75, 1],
"colsample_bytree"[0.5, 0.75, 1],
"max_depth":[int(x) for x in np.linspace(3, 10, 5)],
"min_child_weight":[1,5,10,15],
"learning_rate":np.linspace(0.01, 0.3, 5)}

xg = xghb.XGBClassifier(n_estimators=300, n_jobs=-1)

model_xg= RandomizedSearchCV(xg,param,cv=5,random_state=1)

model_xg.fit(X_Ord_train_scale,y_train)

N sznel 56 FRLNNANAITDINNIAINNLLUAIABIUATNILFqUINAN Hyperparameter

YAIULLINADI XGBoost
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Halarn Hyperparameter MUNNZANUBILAALUULANABILAR 29T ALlsLANBAIN

o dg/ 2% v % . . o !
WULANNDILUBIAU AYENITETIN confusion matrix, 9AA1N accuracy, F1 score kay AUC

(Area Under the Curve) score Aauin 14 ludunausall

4.2 nNsARLARNNLAas (Feature Selection)

Tuauddadlfmaian1sanaanNiaasanuiu 2 meadadalddl Foufuns 5

wLUAna89 39lFinAN Hyperparameter Mmnnzanaednaaziiuanaaan M luduneunns

o A =l '
AALABNNLART

4.2.1 Recursive feature elimination (RFE)

3 AREH A n9agaL AN cross validation score (accuracy) (Inan1vua
cross validation = 5 folds) Lﬁ@wﬁ’]muw \a8 9 (n_features_to_select) I;V\ﬁ el 1 - 20
Tnafaat19f1daliun1Insagauan cross validation score (accuracy) TETR LR
Hiaasdaust 1 - 20 faulilpunnisenen 57 - 60 FeAndei 1 luusasuLL a0
Phuuansnafatnetaauludaniiithy estimator

TAEINAYAINAIIAAALAN cross validation score (accuracy) MLAAZAUIY
n_features_ to_select u&a i Tasadunsw laeldiazasilefiaadn “Microsoft
Office Excel 365" ¥30@111701T 8RN dan117 Python e udaadunsnldmiy
fatinaiuanslinnisznat 61

MAIAINTUR A BN S 1UIUT 10 T LT e T InATiA RFE 199uras
wuanansszananald Taeinuualildeiuauiliaasludaedian cross validation
score (accuracy) BufiAanuAsH sisaBuNNNGn 0.9000 gl Taasiwauiiaes
fRnmniudedlainnnifull desannunldsuailineMunniullenagaus 1

wuuaaasnlailaniaianiag overfitting 18 aniiuasmsagaulsz@nsnn

]
J o o o

FuUNALA RFE Bdas Tl uLULataadn lulWaidun1911 Feature
importance 138 A1 coefficient 813 Support Vector Machine #1138 1 51 q u

hyperparameter WAL kernel Tadiflu “linear”
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n_features_RFE =[]
accuracy_LR_RFE =]
for n_feature in range(1,21):
LR = LogisticRegression(max_iter = 10000, random_state = 1, solver ='newton-cg',
penalty = 'none', C = 22.456734693877554)
LRrfe = RFE(estimator= LR, n_features_to_select=n_feature, step=1, verbose=0,
importance_getter="auto')
accu_score = cross_val_score(LRrfe, X_Ord_train_scale, y_train, cv = 5, scoring="accuracy")
accLR_RFE = np.mean(accu_score)
accuracy_LR_RFE.append(accLR_RFE)
n_features_RFE.append(n_feature)
print(n_features_RFE)

print(accuracy_LR_RFE)

AMNUIENaL 57 ANFIN19IRIIREBLIAN cross validation score (accuracy) henns

n_features_to_select Fialsl 1 — 20 28901314 WANA RFE 99u1L Logistic regression

n_features_RFE =[]
accuracy_DT_RFE =]
for n_feature in range(1,21):
dt = DecisionTreeClassifier(min_samples_split = 9, max_leaf nodes = 35,
max_features = 'log2', max_depth =21)
DTrfe = RFE(estimator= dt, n_features_to_select=n_feature, step=1, verbose=0,
importance_getter="auto')
accu_score = cross_val_score(DTrfe, X_Ord_train_scale, y_train, cv = 5, scoring="accuracy")
accDT_RFE = np.mean(accu_score)
accuracy_DT_RFE.append(accDT_RFE)
n_features_RFE.append(n_feature)
print(n_features_RFE)

print(accuracy_DT_RFE)

ANUIEnau 58 ANFIN19AIIRABLIAN cross validation score (accuracy) hnng

n_features_to_select AauA 1 — 20 18917 MmATiA RFE 99871 Decision tree
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n_features_RFE =[]
accuracy_RF_RFE =]
for n_feature in range(1,21):
rf_model = RandomForestClassifier(n_estimators= 300, n_jobs=-1, min_samples_split = 52,
max_leaf_nodes = 43, max_features = 'log2', max_depth =85)
RFrfe = RFE(estimator= rf_model, n_features_to_select=n_feature, step=1, verbose=0,
importance_getter='auto')
accu_score = cross_val_score(RFrfe, X_Ord_train_scale, y_train, cv = 5, scoring="accuracy")
accRF_RFE = np.mean(accu_score)
accuracy_RF_RFE.append(accRF_RFE)
n_features_RFE.append(n_feature)
print(n_features_RFE)

print(accuracy_RF_RFE)

ANUIENAL 59 ANAINIINTIRABLIAT cross validation score (accuracy) Tungld

n_features_to_select FdLA 1 — 20 289N13 MHMNALA RFE §9ur1 Random Forest

n_features_RFE =[]
accuracy_XG_RFE =[]
for n_feature in range(1,21):
xg = xgb.XGBClassifier(n_estimators=300, subsample = 1, min_child_weight= 10,
max_depth= 4, learning_rate= 0.3, colsample_bytree= 1)
XGrfe = RFE(estimator= xg, n_features_to_select=n_feature, step=1, verbose=0,
importance_getter="auto')
accu_score = cross_val_score(XGrfe, X_Ord_train_scale, y_train,
cv = 5, scoring="accuracy")
accXG_RFE = np.mean(accu_score)
accuracy_XG_RFE.append(accXG_RFE)
n_features_RFE.append(n_feature)
print(n_features_RFE)

print(accuracy_XG_RFE)

ANUIENaL 60 ANFINI9RIIAABLIAN cross validation score (accuracy) hng

n_features_to_select F9WA 1 — 20 1B9INF MHNATA RFE 991471 XGBoost
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RFE_LR = pd.DataFrame({"Number of selected Features": n_features_RFE})
RFE_LR['accuracy score'] = accuracy_LR_RFE

RFE_LR.sort_values(by = "Number of selected Features", ascending = 1)
No_selectedFeat = RFE_LR["Number of selected Features"]

ac_score = RFE_LR['accuracy score']

plt.figure(figsize=(8,4))

ax = plt.gca()

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

ac_score_max = ac_score[max_index[0][0]]

No_selectedFeat_ MAX = No_selectedFeat[max_index[0][0]]

maxvalue = "\n\n features ='+str(No_selectedFeat_MAX)+ ', ' + "\n Accuracy =' + str(ac_score_max)
plt.annotate(maxvalue, xy = (No_selectedFeat_MAX, ac_score_max))

ax = plt.gca()

plt.title('Feature Selection (RFE) \n\n\n')

plt.ylabel('Cross validation score (Accuracy)')

RFE_LR.plot(kind='line', x = "Number of selected Features", y = 'accuracy score', ax = ax)

plt.show()

A nisznau 61 AratineA1daa519n N LaAIAN cross validation score luupay

n_features_to_select

4.2.2 Chi-square

TRLCE O (T T NPT chi-square test 189uAazN1aa T IngwanaAn
ueinfiululsag training size

ﬂ’]ﬂﬁuﬁ’]mﬁ‘mmfmfﬂum cross validation score (accuracy) Tagnuum
cross validation = 5 folds) 1ila 1481 uauiliaas (k) Faud 1 - 20 InefaatnaAds
YRINTTIMTIRAALAN cross validation score (accuracy) Aanuau L@‘ﬂ{;lé\il,wi 1-20
dlpunnilsznen 62 — 66 29AdaR I A ILLLS a0 LANFANTLEN

o | dl . (P “ ”
dptanludiuniily estimator aa9Waridi “cross_val_score()
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TAEINAIANNAIIAAALAN cross validation score (accuracy) MLARZANUL

Haasuan asuinA Nl llasradunsn lneldiazasianaadn “Microsoft Office
Excel 365”
o ZJ/ =& A o a| rdl o =R o = s
pasaNUALaNaUN IR NN ad Taannua liAnEIa U LIAe F
Tuda9M AN cross validation score (accuracy) BBNHAINNAIN UTBLFNNINNGN
0.9000 wflufuld Tnaaruauiimamans Tudacldurnnuly Wasarnuanld
o = rdl a ! v o ai va a e ¥
unuReunniiuldetadanaliuuuaiaesi lddlanainniag overfitting 14

ANTUAIATIAFALLTLANTNIN

n_features =[]
accuracy_LR_chi2 =]
for n_feature in range(1,21):
fs_chi = SelectKBest(chi2, k= n_feature)
X_Ord_train_scale_Chi2_LR = fs_chi.fit_transform(X_Ord_train_scale, y_train)
LR = LogisticRegression(max_iter = 10000, random_state = 1, solver ='newton-cg’,
penalty = 'none', C = 22.456734693877554)
accu_score = cross_val_score(LR, X_Ord_train_scale_Chi2_LR, y_train,
cv = 5, scoring="accuracy")
accLR = np.mean(accu_score)
accuracy_LR_chi2.append(accLR)
n_features.append(n_feature)
print(n_features) ##Lﬁ@ﬁﬁﬁiﬂﬂ@%’%‘i visualization Tagld excel

print(accuracy_LR_chi2)

AMNLsEnel 62 FaeteANdIN1IRIIRAaLIAN cross validation score (accuracy) nng L

AN K FIAWA 1 — 20 2e9n19 MmATA chi-square 98U Logistic regression
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n_features = []
accuracy_svm_chi2 =[]
for n_feature in range(1,21):
fs_chi = SelectKBest(chi2, k= n_feature)
X_Chi2_SVM = fs_chi fit_transform(X_Ord_train_scale, y_train)
SVM = SVC(kernel= 'poly', gamma = 5.0, degree=3.6666666666666665,
C=73.68684210526315, random_state=1, probability=True)
accu_score = cross_val_score(SVM, X_Chi2_SVM, y_train, cv = 5, scoring="accuracy")
accSVM = np.mean(accu_score)
accuracy_svm_chi2.append(accSVM)
n_features.append(n_feature)
print(n_features)

print(accuracy_svm_chi2)

ANUIENaL 63 FN1NANEINIIAIINEBLAN cross validation score (accuracy) hnng

AN K A9LE 1 — 20 289n13 ImATA chi-square $9NAY Support Vector Machine

n_features =[]
accuracy_DT_chi2 =[]
for n_feature in range(1,21):
fs_chi = SelectKBest(chi2, k= n_feature)
X_Ord_train_scale_Chi2_DT = fs_chi.fit_transform(X_Ord_train_scale, y_train)
dt = DecisionTreeClassifier(min_samples_split = 15, max_leaf nodes = 46,
max_features = 'sqrt', max_depth =30)
accu_score = cross_val_score(dt, X_Ord_train_scale_Chi2_DT, y_train,
cv = 5, scoring="accuracy")
accDT = np.mean(accu_score)
accuracy_DT_chi2.append(accDT)
n_features.append(n_feature)
print(n_features)

print(accuracy_DT_chi2)

NNUIENaL 64 Fiaeat1NAN4INIIRIIREaLAN cross validation score (accuracy) hnng

v
A1 k FALE 1 — 20 2R9N1FLTMATA chi-square 398U Decision tree
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n_features =[]
accuracy_RF_chi2 =]
for n_feature in range(1,21):
fs_chi = SelectKBest(chi2, k= n_feature)
X_Ord_train_scale_Chi2_RF = fs_chi.fit_transform(X_Ord_train_scale, y_train)

rf_model = RandomForestClassifier(n_estimators= 300, n_jobs=-1, min_samples_split = 71,
max_leaf_nodes = 57, max_features = log2, max_depth =52)
accu_score = cross_val_score(rf_model, X_Ord_train_scale_Chi2_RF, y_train,
cv = 5, scoring="accuracy")
accRF = np.mean(accu_score)
accuracy_RF_chi2.append(accRF)
n_features.append(n_feature)

print(n_features)

print(accuracy_RF_chi2)

ANUIENaL 65 FaNNANEINIIAIINEBLAN cross validation score (accuracy) lunns

n_features A9LA 1 — 20 2INT3 L IWMATA chi-square $9NAU Random Forest

n_features =[]
accuracy_XGB_chi2 =]
for n_feature in range(1,21):
fs_chi = SelectKBest(chi2, k= n_feature)
X_Ord_train_scale_Chi2_XGB = fs_chi.fit_transform(X_Ord_train_scale, y_train)

xg =xgb.XGBClassifier(n_estimators=300,subsample = 0.5,min_child_weight= 1,
max_depth= 3,learning_rate=0.22749999999999998,colsample_bytree=1)

accu_score = cross_val_score(xg, X_Ord_train_scale_Chi2_XGB, y_train,
cv = 5, scoring="accuracy")
accXGB = np.mean(accu_score)
accuracy_XGB_chi2.append(accXGB)
n_features.append(n_feature)
print(n_features)

print(accuracy_XGB_chi2)

ANUIENaL 66 FaeLNANEINITATIAEBLIAN cross validation score (accuracy) hennsld

n_features AL 1 — 20 VBN MINATIA chi-square $98L XGBoost
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4.3 n1sANANLAas (Feature Extraction)

lusudsaildinatiannsainWiaasAa Principle Component Analysis (PCA)
fANfUa 5 Luua1aed B9lfinAN Hyperparameter MuinzanteauAazuuLanaaan 4l
Y e o
TURaUNITANANLAD S

InelAmsadauA cross validation score (accuracy) (IaeinnviuA cross validation
= 5 folds) Halda1uau n_components G9us 1 - 20 aeiFaatnaAdalun1snsmagau A

) . PR 2o > \ =

cross validation score (accuracy) Walda1uau n_components Adus 1 - 20 Bawdulilans
ANU3EnaL 67 - 71 A& I luuAaziuUaNae91iu wanAfeuetinedaauludounil
estimator U99RNAGL “cross_val_score()”

\Wam3Ia@aUAI cross validation score (accuracy) TuuAazaIuau n_components
waa agunA L llasadlungn TasldiAsasiandadn “Microsoft Office Excel 365”

[

ANNTUAADNAUIW n_components Mnunzan tnan1uualdfAneiaiuau

'
a =

n_components 114‘11"2\‘117‘; AN cross validation score (accuracy) LFTHH AN m\‘l‘ﬁ TG L??IN
111N91 0.9000 tJusulil Tneqa1uaw n_components fAnwTudeldunniAuly Wesann
wnldsuauilineFuiniAullenadenaliuuusiaesdild dlannaidnniaz overfitting 14
LRIV TR Component loading 1841131497421 n_components A1ABN L&A

A48 LUTZANTNIN

n_components = []
accuracy_LR_PCA =]
for nc in range(1,21):
pca = PCA(n_components = nc)
X_Ord_train_scale_PCA_LR = pca.fit_transform(X_Ord_train_scale, y_train)
LR = LogisticRegression(max_iter = 10000, random_state = 1, solver = 'newton-cg',
penalty = 'none’, C = 22.456734693877554)
acscore = cross_val_score(LR, X_Ord_train_scale_PCA_LR, y_train, cv = 5, scoring="accuracy"
accLR = np.mean(acscore)
accuracy_LR_PCA.append(accLR)
n_components.append(nc)
print(n_components)

print(accuracy_LR_PCA)

A nlsEney 67 FatnaAdanisneadad cross validation score (accuracy) el

n_components AYLE 1 — 20 184N19 LNANA PCA 398U Logistic regression
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n_components = []
accuracy_SVM_PCA =[]
for nc in range(1,21):
pca = PCA(n_components = nc)
X_Ord_train_scale_PCA_SVM = pca.fit_transform(X_Ord_train_scale, y_train)
SVM = SVC(kernel= "poly', gamma = 5.0, degree=3.6666666666666665,
C=73.68684210526315, random_state=1, probability=True)
acscore = cross_val_score(SVM, X_Ord_train_scale_PCA_SVM, y_train,
cv = 5, scoring="accuracy")
accSVM = np.mean(acscore)
accuracy_SVM_PCA.append(accSVM)
n_components.append(nc)
print(n_components)

print(accuracy_SVM_PCA)

A wilsznay 68 faatneA1gan1InIIagaLl cross validation score (accuracy) viald

n_components A9LA 1 — 20 284N19 LiNATRA PCA $aNAL Support Vector Machine

n_components = []

accuracy_dt_PCA =]

for nc in range(1,21):
pca = PCA(n_components = nc)
X_Ord_train_scale_PCA_dt = pca.fit_transform(X_Ord_train_scale, y_train)
dt = DecisionTreeClassifier(min_samples_split = 15, max_leaf_nodes = 46,

max_features = 'sqrt', max_depth =30)

acscore = cross_val_score(dt, X_Ord_train_scale_PCA_dt, y_train, cv = 5, scoring="accuracy")
accdt = np.mean(acscore)
accuracy_dt_PCA.append(accdt)
n_components.append(nc)

print(n_components)

print(accuracy_dt_PCA)

Anlseneay 69 FletneA1daNnIRTadaL cross validation score (accuracy) aldaiuau

n_components AILE 1 — 20 284N19 KiNANA PCA $9ufiU Decision tree




71

n_components = []
accuracy_RF_PCA =]
for nc in range(1,21):
pca = PCA(n_components = nc)
X_Ord_train_scale_PCA_RF = pca.fit_transform(X_Ord_train_scale, y_train)
rf_model = RandomForestClassifier(n_estimators= 300, n_jobs=-1, min_samples_split = 71,
max_leaf_nodes = 57, max_features = log2, max_depth =52)
acscore = cross_val_score(rf_model, X_Ord_train_scale_PCA_RF, y_train,
cv = 5, scoring="accuracy")
accRF = np.mean(acscore)
accuracy_RF_PCA.append(accRF)
n_components.append(nc)
print(n_components)

print(accuracy_RF_PCA)

A wilsznau 70 FetneAdInnTRTadauA cross validation score (accuracy) e ld

Q1191 n_components B9 1 — 20 289015 MNATRA PCA $auil Random Forest

n_components = []
accuracy_XG_PCA =]
for nc in range(1,21):
pca = PCA(n_components = nc)
X_Ord_train_scale_PCA_XG = pca.fit_transform(X_Ord_train_scale, y_train)
xg = xgb.XGBClassifier(n_estimators=300, subsample = 0.5, min_child_weight= 1,
max_depth= 3, learning_rate= 0.22749999999999998, colsample_bytree= 1)
acscore = cross_val_score(xg, X_Ord_train_scale_PCA_XG, y._train,
cv = 5, scoring="accuracy")
accXG = np.mean(acscore)
accuracy_XG_PCA.append(accXG)
n_components.append(nc)
print(n_components)

print(accuracy_XG_PCA)

Anlseneay 71 FaetnaA1gannTRTadauAn cross validation score (accuracy) Wiald

Q1191 N_components AYWA 1 — 20 289N1T LinATA PCA 391U XGBoost
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4.4 n5UsziiuUsEANENWRLLANABY

AndeUszdnininnuuanaadlusiudduilanangiily Confusion matrix, AN
Accuracy, A1 F1 score Wa¥ AUC (Area Under the Curve) score nafsneaziaan

papalil

4.4.1 Confusion matrix iuiazasiadiAny lun1sdssifudse@nsninaesuuuanany
l

a

a = ¥ dl v @ Aa i o o Yo a} a dgl a
WMAUANITLTEUIUBNLATEN TPEUARS LI BINULLANARINNUNE N@@‘Wﬁﬂlﬂﬂﬂﬂ NNAUAUATI

a

Aantuinle sananslunindsznay 72 ©°

Actual Values

Positive (1) Negative (0)

Positive (1) TP FP

Negative (0) FN TN

Predicted Values

nwsEnau 72 confusion matrix
N https://www.analyticsvidhya.com/blog/2021/07/metrics-to-evaluate-your-

classification-model-to-take-the-right-decisions/

- True Positive (TP) ABNAANTANNLLUANABIADLTANE IAetlssinnaeainAe i AN
(LuuAnaaaLuntlszinnlagneies)
- True Negative (TN) Aauaansanuuuatasspainfulseniuls Tnadssinnasaiinne
windutlsznaules (LWuanassauunilszinnlagneias)

V. A o '3 o A (=1 a 1 < A <
- False Positive (FP) ABUAANEAINWLLANARIADLIANY WAL NNIBILTAAAR AR
suUlsemule (WuAnae9R wUnsTIANR)

. = [ % '8 o A =1 =1 o % 1 =3

- False Negative (FN) Aguaansa nuLLanaaspainminsudseniuls widssinnaaaia

ABLTIANE (LULANABIALLNLIANRR)
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4.4.2 A Accuracy WazAn F1 score: 1A Accuracy WuAnuandsz@nsninaes

0 A P oA So yyo o P o I~
LUUANTABINLTEUUINEUNG A Tmﬂmmm%uumLLMNLﬂummui:ﬁmwmmum

u

wuuAanaesaNnsnvnunglagnaesiuauudayaianun InauinAn Accuracy HAg9

a u

11 1Ng 1 wladnuuanaeatlss@nsnne 89uAN F1 score HudWANAIAAANLUNAN

Precision Wa¥ recall N1M1AL@AL WL harmonic T4UINAT F1 score 4auiladnan

' ¥

Precision LAY A1 Recall figasae Tnunanaa F1 score HA1gad1lng 1 udadn

a

wuuaaeaNlsc@nnang Tae A1 Accuracy WAZAN F1 score HgATATUANIANNANNNS
1910 muasy
TP+TN

Accuracy = 9)
TP+TN+FP+FN

Precision x Recall

Flscore = 2x — (10)
Precision + Recall

4.4.3 ROC_AUC curves (N9 W84 True Positive Rate (Recall) wae False Positive

Rate) Lﬁﬂ@ﬁﬁ AUC (Area Under the Curve) score 8 M3URATIA@ALAINNATNITNUD

LULANAB99NANNTDA LNz Inaadiniadadlssinnaanainiulasivinle Taguin

a

ANNINNGT 0.5 LARNTN LUUAIABNHUTZANENINANIINITENIAHAANS UaTTNHA49

11N 1 wdaduuuanaastdsz@nsnang

QM?ﬂWﬁfﬁ’]uQmm’a\‘l Recall (True Positive Rate) waz False Positive Rate tHURAN

(53, 54

ANNTTN 11 LAY 12 ANNANGU " LazAaat194nsIN ROC_AUC curves tlum1u

A wilsznay 73 ©°

TP
TP+FN

Recall (True Positive Rate) =

FP
TN+FP

False Positive Rate =
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1.0

0.8

0.6

0.4

True Positive Rate

0.2 4

0.0 4 —— example estimator (AUC = 0.75)

T T T T
0.0 0z 0.4 0.6 0.8 10
False Positive Rate

Andsznau 73 Fiaagne ROC_AUC curves Was AUC score
s https://scikit-

learn.org/stable/modules/generated/sklearn.metrics.RocCurveDisplay.html

[ [J [ (=3 a s
5. MsWRIILLUAIaadttuInLalwatagu

a o o ¥ o 1

Tusadandiduaisatwminduuelnaindulagldiasesdandadn “Streamlit”
g library 28401:1 python wnnziunTsaseutiduiednaiaduguiuinatinnig
(FEUFURILATO
o o v [~ a o % o Y o dqj = u’dl v
asrlsznauvanuuminiuuednaindu dsznevlldqe Hadae, AnTuae, Niaasld
g lduszyiaaliiaanainsiaien (drop-down list), tunaaliuansuadnsidullsziny
(=3 1 @ A v A [~ a d” dl (=1 o 1
waaWingeuInainnuls se Waie uasiuiudanananisudastlszinnaeadin Inasatng
o/ v < a o b2
wuannuseUnaiaduanunsauanslamunindsznay 74
o dl A o o & v @ a o Z// v
wuuaaesiiaeninan lilunnsanuundssinneessinuuminduuedwaiaduwiiu 1a
a = [ %3 A = & o a rd‘ % a a =
RINNIINANTUIANNKANNTANEN IUNsARLaanHaasuaznsananiaes Nlilscd@nsning,
HuwmalANTANUWRNZAN 29NDINLAa 9 ITRAMULUNIZ AN
o A o o vl v @ a o KX o & ¥
nasaniuuuaaesldidinurihduuenainduasinimaseenis e ady

TasnmagaLtiuEuaInnmaniiaafandaaanini i lanasnsidu Wiane fu Wis

sulsznnuleatinauiuey TaangaagatlFanian1sAIfiTadn9a
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NANNSANE

lun1sdaFaani1sawundssinnaasinseudnaiaineuas it A lae ldnaiia

n133EuiIeaATes e lannluni1sidaiaenisAnE A N duAauEIg 9 AaeAauNI19In

1
a v a

Usz@ndnn ialifussqaniszasAnasnisisanlanivuuald 1aasi

1. nadnsaadn1sainuudtaasinglddayanudnsusisuneainAsuaINga

E)@

34
2. HagwEIINTai LU anslneldiiaeldannnsAAdandaeas Recursive

Feature Elimination

3. HagWEIINNa LU anslng 4T dannnsAA@endaeas chi-square
4. naangra9n128519utuananalagldimalian1saiaaasAq83s Principal

Principal Component Analysis (PCA)

1. HAaWEARINITASILLLAaadneldiayaANANHUENIUNATAUAAAT LAINE A
Taya
Tunsadauuudtaesnuundssinnisinszndndiniisuas iy Tnantmunli

&

T 190U 20 Wiaes (WiaefMivaendeanniinanuazenn lasaL “veil_type” Way
“stalk_root” 1 a9) A® ALaIUNINLHEA (cap_color), 4N U sHuRauunuaniia
(cap_surface), gﬁmw@wmmﬁm (cap_shape), AURIATULIA (gill_color), AANuLLLTA
1a9AFLAUANUANWA (gill_attachment), 358121iN9a29ATLIALAAZATY (gill_spacing),

¥
a

IUINTBIATULIAR (gill_size), Un9a89i1UAN (stalk_shape), ANuHaABABNNRELTIAM

a

A v

Wilaa9unay (stalk_color_above_ring), ﬁmmﬁuﬂqﬁmm@ﬂﬁ@qmmmmu@'ﬂmqLmqu
(stalk_color_below_ring), & N & 4 zmmﬁuaqﬁ’un@ﬂu?mm WMdaaunau
(stalk_surface_above_ring), & N & 0 SRR URIRIUA N LTI ATUENI U9
(stalk_surface_below_ring), ﬁmm@'@ﬁﬁjummﬁm (veil_color), A1UAUINLAIUUDILIA
(ring_number), $1/31979939U1% (ring_type), satELTR (bruise), nauTadin (odor), @
109308 WNWALRT (spore_print_color), ANWRALNIINILANEFY / NITNIENGNAUABILIA
(population), U?Lf;mﬁﬁwuwmﬁm@?mﬁuim (habitat) Taen1vua b Uszinnaaaina

(class_ep) Wuaua (Label)
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Tnelunsdniiinisutsgadayaidugad miuaineuuuanass (Training Set) uaz

gadayad1niunAaauLLLaa0e (Test Set) ludna1daun9] a1uau 3 dn9ndan Ao

Training size = 50%, Training size = 60% Wa% Training size = 70% uazlulsazanmaiu

ANN7a519ULILANARIAILEANETINANNA 5 ane3on LaA Logistic Regression, Support

Vector Machine, Decision Tree, Random Forest L& ¥ XGBoost Taidin1s1 fuquuna

hyperparameter Aq8ILATRIEA RandomizedSearchCV lagsaazidenaad hyperparameter

LL@Zﬂ‘J‘Zﬁa‘VIQﬁﬂ’WWﬂﬂ\‘ILLGII@ZLL‘LI‘]_I“%’]@‘ﬂ\?ﬁuiﬁu@@\‘]lum’]?’]\‘l 4 uaziaraiilu confusion matrix

ANNWLTENaY 75

AN94 4 Usrdninnaesuuuataadatunilssinnaaaiialne ldWiaa i

Training Accuracy F1 score AUC
Algorithm Hyperparameters
size (%) (%) score (%)
50% Logistic solver = 'newton-cg', penalty = 'none’, 93.50 93.50 97.14
Regression C =22.456734693877554
Support kernel= 'poly', gamma = 5.0, 100 100 100
Vector degree=3.6666666666666665,
Machine C=73.68684210526315
Decision min_samples_split = 15, 100 100 100
Tree max_leaf_nodes = 46,
max_features = 'sqrt’,
max_depth =30
Random n_estimators= 300, 100 100 100
Forest min_samples_split = 71,
max_leaf_nodes = 57,
max_features = 'log2’,
max_depth =52
XGBoost n_estimators=300, 100 100 100

subsample = 0.5, max_depth =3,
min_child_weight= 1,
learning_rate

= 0.22749999999999998,

colsample_bytree = 1
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Training Accuracy F1 score AUC
Algorithm Hyperparameters
size (%) (%) score (%)
60% Logistic solver = 'newton-cg', 93.23 93.23 97.27
Regression penalty = 'none’,
C = 22.456734693877554
Support kernel = "poly’, 100 100 100
Vector gamma = 5.0,
Machine degree = 3.6666666666666665,
C = 73.68684210526315
Decision min_samples_split = 9, 99.69 99.69 99.69
Tree max_leaf_nodes = 35,
max_features = 'log2',
max_depth = 21
Random n_estimators = 300, 100 100 100
Forest min_samples_split = 52,
max_leaf_nodes = 43,
max_features = 'log2’,
max_depth = 85
XGBoost n_estimators = 300, 100 100 100

subsample = 0.5,
min_child_weight = 1,
max_depth = 3,
learning_rate

= 0.22749999999999998,

colsample_bytree = 1
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Training Accuracy F1 score AUC
Algorithm Hyperparameters
size (%) (%) score (%)
70% Logistic solver = 'newton-cg’, 93.03 93.02 97.41
Regression penalty = '‘none’,
C = 22.456734693877554
Support kernel = "poly’, 100 100 100
Vector gamma = 5.0,
Machine degree = 3.6666666666666665, C
= 73.68684210526315
Decision min_samples_split = 9, 100 100 100
Tree max_leaf_nodes = 35,
max_features = 'log2’,
max_depth = 21
Random n_estimators = 300, 100 100 100
Forest min_samples_split = 52,
max_leaf_nodes = 43,
max_features = 'log2’,
max_depth = 85
XGBoost n_estimator s=300, 100 100 100

subsample = 1,
min_child_weight = 10,
max_depth = 4,
learning_rate = 0.3,

colsample_bytree = 1
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Training size = 70%
Confusion matrix of Logistic regression
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ANA13 3 waznndsenau 75 nudllaldWiaefianns 20 Niaeslunisaiuwun

1
=

Uszinnaaaiin uuuataasdaulunjanidu Logistic Regression 1ilsz@nsninfinunn Ae
100% wrad1elsfinunnldnimefarurunnniinly arannlduuueanassilendiinniag
overfitting 'I& Fennniin Tl 9anuaieenaldmanzanuaznisauuniszinniinf ana i
ANYNABIUATLHUEN FunnsdaRenuazanatiaafiteviliaeimunyan T a1unsn

anlan1anisiinnIae overfitting 161

2. naansaaInsaRnLLsaasiaeldiiaasilaannisAaiaanaaeda Recursive
Feature Elimination

ilaldinalla Recursive Feature Elimination (RFE) Tunnsdaiaeniliaaslunisadng
LULSNA8I81UIL 5 WLLISNADS HAT LEWL

2.1 Logistic Regression aMnnAWLsenay 76 Wu31 N34 Training size Aumnmng
AU 3 dmendau wWud1luyn?) training size A" cross validation score (accuracy) Y

wnliugeudiesuaniline fifiandu tage Sunsiideldsuauiliaesmous 3 usduly

J

LazAULTIaaTiAN cross validation score (accuracy) 0499 mﬁzﬂq%mﬁ@ﬁmmuﬁlwﬁ
9 Wians

Tme AN cross validation score (accuracy) 1'7; ﬂ‘ﬁ A m"ﬂ‘ﬂﬂ%\‘i 3 training size ‘ffu
wansnafuReadnties Aad training size WU 50%, 60% wax 70% lAn1lsrann

0.9500, 0.9499 LAy 0.9488 ATNAIAL
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Training size = 50% Training size = 60%
Feature Selection (RFE) of Logistic regression Feature Selection (RFE) of Logistic regression
3 5
s 10 s 1.0
g 09 £ 09
< Features =9, o
a 08 Features = 3, ] 08 Features = 9,
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S 06 S 06
© ®
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Andsznau 76 nsWLaAg cross validation score (accuracy) Waldaiuauiiaas Aguws
1-20 lun1sldinalin RFE $auiu Logistic regression 7 training size 51149°]

(n) training size = 50%, (1) training size = 60% LAY (A) training size = 70%

2.2 Support Vector Machine ldg1nnsaldwmaiian RFE lun1sdnaaniiaasle
\a9an Hyperparameter Nl5uquanlatiunudn kernel 1l Polynomial
2.3 Decision Tree arnn nwsznay 77 wudn n1sld Training size AwANFANSTY

AU 3 ARTIEIU Wudﬁlunﬂj training size A1 cross validation score (accuracy) Y

D

E4 1 ! 4 1 1
wualilngeruieauouNaefiinau Tned training size WL 50% waz 60% ANGBNAIH
1 v 1 1 1
Waldanuauiiaasaaus 2 Wudull wazgengaiald 9 uaz 10 Wiaas auadu doui
training size Wi 70% AnEuAside A wauaefasus 3 iludull uazqgangaie’ld 9

Aiaas
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TaeIAN cross validation score (accuracy) i @ldﬁ 3] AURAIYIY 3 training size WU
. o A & v A A L . Lo o
WANANNAULWNEILANUWAL ABN training size 1N 50%, 60% waL 70% SL‘MP]’]‘]J?ZN’WELL

0.9997, 1.0000 az 1.0000 ATNAIAL

Training size = 50% Training size = 60%
Feature Selection (RFE) of Decision Tree Feature Selection (RFE) of Decision Tree
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Algorithm No. of  Training Accuracy F1 AUC
features size Features name (%) score score
(%) (%)
Logistic 3 50% 92.02 92.00 91.85
“veil_color*,“ring_number*,
Regression 60% 92.00 92.00 91.13
“spore_print_color*
70% 92.14 9217 91.34
5 50% “bruises*”,“gill_spacing", 87.79 87.71 93.25
60% “veil_color*,“ring_number*, 87.51 87.42 92.93
70% “spore_print_color* 87.37 87.27 93.01
7 50% “pbruises”,“gill_spacing®, 91.97 91.96 94.86
60% “stalk_surface_above_ring", 91.82 91.80 94.87
70% “veil_color®, “ring_type", 92.29 92.27  94.83
“ring_number®, “spore_print_color*
9 50% “cap_surface”, “bruises”, 93.67 93.67 96.32
60% “gill_spacing®, “qgill_size", 93.17 93.16 96.11
70% “stalk_surface_above_ring", 95.78 95.78 96.16
“veil_color®, “ring_type“,
“ring_number*,“spore_print_color
Support 3 50%
Vector 60%
Machine 70%
5 50%
60%
70% .
laigunsamanle Wasain kemnel = polynomial
7 50%
60%
70%
9 50%
60%

70%
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Algorithm No. of  Training Accuracy F1 AUC
features size Features name (%) score score
(%) (%)
Decision 3 50% “odor*, “gill_size", 99.29 99.29 99.99
Tree 60% “spore_print_color” 99.32 99.32 99.99
70% “odor*, “spore_print_color” 99.26 99.26 99.98
“population”
5 50% “odor*, “spore_print_color”, 99.51 99.51 99.99
“stalk_color_below_ring“,
“population”, “habitat”
60% “cap_color”, “odor*, “gill_size", 99.72 99.72 100
“spore_print_color”, “population”
70% "odor”, “gill_spacing”, “gill_size", 99.34 99.34 99.99
“stalk_color_above_ring”, “habitat”
7 50% “bruises”, “odor*, “gill_size", 99.63 99.63 100
“stalk_surface_above_ring”,
“stalk_surface_below_ring”,
“ring_type”, “spore_print_color”
60% “pbruises”, “odor, “gill_size", 100 100 100
“stalk_surface_below_ring”,
“stalk_color_below_ring®,
“spore_print_color”, “population”
70% "odor”, “gill_spacing”, “gill_size", 100 100 100
“stalk_color_above_ring”,
“ring_type”, “spore_print_color”,
“population”
9 50% bruises, “gill_spacing”, “gill_size"“, 100 100 100

“stalk_shape”, “habitat”,
“stalk_surface_below_ring”,
“stalk_color_below_ring“,

“spore_print_color”, “population”
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Algorithm No. of  Training Accuracy F1 AUC
features size Features name (%) score score
(%) (%)
Decision 9 60% “odor”, “stalk_shape”, “habitat”, 100 100 100
Tree “stalk_surface_below_ring”,
“stalk_color_above_ring”,
“ring_type”, “ring_number”,
“spore_print_color”, “population”
70% “bruises”, “odor*, “gill_spacing”, 100 100 100
“gill_size”, “stalk_shape”, habitat”,
“ring_type”, “spore_print_color”
“stalk_color_above_ring”,
Random 3 50% 99.29 99.29  99.99
— *“odor*, “gill_size",
Forest 60% 99.32 99.32  99.99
“spore_print_color”
70% 99.26 99.26  99.99
5 50% 99.51 99.51  99.98
— *“odor", “gill_size", “ring_type”,
60% 99.48 99.48  99.99
“spore_print_color”, “population”
70% 99.43 99.43  99.99
7 50% “bruises”, “odor*, “gill_spacing”, 100 100 100
60% “qgill_size”, “ring_type”, 100 100 100
70% “spore_print_color”, “population” 100 100 100
9 50% “pbruises”, “odor®, “gill_spacing”, 100 100 100
60% “qgill_size”, “ring_type”, 100 100 100
“stalk_surface_above_ring”,
“stalk_surface_below_ring”,
“spore_print_color”, “population”
70% “pbruises”, “odor®, “gill_spacing”, 100 100 100

“qgill_size”, “ring_type”,
“stalk_surface_below_ring”, “habitat”,

“spore_print_color”, “population”
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Algorithm ~ No. of  Training Accuracy F1 AUC
features size Features name (%) score  score
(%) (%)
XGBoost 3 50% “veil_color”, “ring_number”, 93.53 93.51 94.39
60% “spore_print_color” 93.60 93.58 94.47
70% “stalk_shape”, “veil_color”, “ring_number” 62.18 61.02 65.73
5 50%  “odor*, “gill_size“, “veil_color”, 99.29  99.29 99.99
60% “ring_number”,“spore_print_color” 99.42 99.42 99.99
70% “gill_spacing”, “stalk_shape”, “veil_color”, 95.20 95.19 98.75
“ring_number”, “spore_print_color”
7 50% “odor", “gill_spacing”, “gill_size”, 100 100 100
“veil_color”, “ring_number”,
“spore_print_color”, "population”
60% “odor”, “gill_spacing”, “gill_size”, 99.94 99.94 100
“stalk_surface_above_ring”, “veil_color”,
“ring_number”, “spore_print_color”
70% “odor", “gill_spacing”, “gill_size”, 99.84 99.84 100
“stalk_shape” , “veil_color”,
“ring_number”, “spore_print_color”
9 50% “odor", “gill_spacing”, "population” 100 100 100
60% “stalk_surface_above_ring”, “veil_color”, 100 100 100
“stalk_surface_below_ring”, “gill_size”,
“ring_number”, “spore_print_color”
70% “cap_surface”, “odor*, “gill_size”, 100 100 100

“gill_spacing”, “stalk_shape” “veil_color”,
“ring_number”, “spore_print_color”,

"population”
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e uuResfiiNau TnaA1BNgININN31 0.9000 NauauWiaefvinil 3 wazAENA9q

uaefvingy 4 Wusuly wazaruiuiiaa1fan cross validation score (accuracy)

fa)))

IqANGINGATRY training size WAL 50%, 60% Uaz 70% AaNaIuIUNIaas 16, 16 uay
17 Wiaas muansu

v
%

TneiAn cross validation score (accuracy) Ng4NgA284919 3 training size WAL

1.0000
Training size = 50% Training size = 60%
Feature Selection (Chi-square) of XGBoost Feature Selection (Chi-square) of XGBoost
3 10 3 10
© ©
5 5
o o
2 0.9 | Features = 186, 2 0.9 Features = 4, Features = 186,
2 ¥ Features =4, Accuracy = 1.00000 @ Accuracy - 0.98605 Accuragy = 1.00000
g Accuracy = 0.98425 8
(2] (2]
508 5 08
© ©
2 =
© ©
: 07 L 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 ; 07 L 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
] 3
o 5 10 15 20 & 5 10 15 20
Number of selected Features Number of selected Features
(n) (1)

Training size = 70%

Feature Selection (Chi-square) of XGBoost

-
o

Features = 17,

o
w0

Features = 4, Accuracy = 1.00000
Accuracy = 0.98206

o
™

Cross validation score (Accuracy)

0.7 L | I I | I 1 1 | I 1 1 1 1 | I I | 1
5 10 15 20
Number of selected Features
(m)

v
o

A nlszney 85 naNLER cross validation score (accuracy) e ldauauiliaes Aaus
1-20 lunsldmatia chi-square $9u1L XGBoost 7 training size 147

(n) training size = 50%, () training size = 60% WAz (A) training size = 70%
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ﬁ =) o A o a rdl ) ¥ o 1 o ¥ a .
AINUUIININITLADNATUIUNLABTNUINGF 1L LA aBITINA LN MATRA chi-
square KaLNIN1INAZaLTAUIZANTNINAL Test Set Taarnna W lun ndsznay 80 — 85
WU TN wULRN8991W AuIuNiaa 9N liiAN cross validation score (accuracy) &

4INN31 0.9000 WU WinAY 3 Wiaas nazAzuaAsiidaldaruauliaasivindy 4 Niaas

[
a o ¥

NANNTIU N3N

[ % 1

(ANIULLLANA D Logistic Regression t¥infiu 5 Wlﬂ@{) TINAIANAL

ap)_

v
1

o = [ dg/ 1 . . v o M ¥ < Y o
AUIUNLRBTNINTYL AN cross validation score (accuracy) Wi b lennTuatnaiuladn

De

v
v o

ezl uLTae T nifullfeanarn luuus aeainnag overfitting lAsn A1l
Aimusseuianiiuauinefiin ldAnsadezdnannsiely ludas 3 - 9 Miaed Taadade
IHAenAnETavLn 4 A1 A 3, 5, 7 uaY 9 FenansAnEuandldian1as 6 Taawudn
AUFULLLA1a84 Logistic Regression Wud1n13lda12u# ReFAUANFNg T
sz Ansn i uuansnsiu uinigld training size AupnAnsiudnasatlszdnanin

A A

AB 7 training size Winfy 50% WuIN1HUsEANEAINNANIT 60% WA 70% ANATAL (LB

¥

=~ o o o o y—— Ao A Ao =~ P
ANANLABTNLANFIL Iﬂﬂﬂqﬁmﬂﬂﬂﬂmlﬁﬂizﬂmﬁﬂqwmﬁm@‘@ AB NANUIUNLABTVNAL

=
3\] a
3 ua training size Wi 50% taaliAn accuracy wae F1 score Winfill 89.34%
o [ o | dl ¥ o = 5 dg/ oA
A1UTULUUANARY Support Vector Machine Waldanuauiaasuinau wuanil
v 1 1 1 v v
Usz@nininunniu lnadsednsnnBuasinanuauiinefiaus 5 Niaesauld waznisld
- . dl 1 [ 1 ] a a o a; % a a dld
training size NuANANTY WHNaFel s @3N 1nundn Tnenimaaesn dilsz@nsnnia
g0 Aa NAUIUNRBFNINTU 9 UAY training size WiNiu 60% taaliAn accuracy way
F1 score Wiy 99.79% Way 99.78% ANNATAL
o o o . di Y o = & dgl A a a
&1uFUuLLA1a89 Decision Tree Waldanuiuiiaafuinau wudndlse@nsaan
1N Tnedse@nsnnBnasinanuauiiaeficws 5 Nwesaull winasld training size #i
1 [ % 1 | a a o dl v a a dlddl A dl
wansineiy Tddnaseilsc@nsninuaniin tnanimaaesi lilss@nsnmnangn A 7
UINHRB TN 9 WA training size Winfu 50%, 70% TaalAN accuracy waz F1 score
Winfil 99.75%
o o o dl ¥ o = s dgl o a a
A1MFUKLUA1A89 Random Forest 1 ldanuiuiliaasuinau wudnflsz@nsnan
v 1 1 1 v v 1
121 IaesednsninEuasnnanuauiiaasmaus 5 Naasaull winnsld training size #

] o 1 | a a o dl v a a dlddl N dl
BENAINNL 1§JN NAFAUTEANININNINUN Imﬂﬂ'ﬁ“ﬂﬂ@@ﬂ‘ﬂiﬂ‘ﬂﬁ‘:ﬁ@ﬂﬁﬂﬂv\lﬂﬂﬂ/}@ﬁ AR N
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ANUIUNLRRFINTU 7 U2 training size WAy 70% tnal¥A1 accuracy wag F1 score
Winfil 99.34%
o [ o dl = Y o = ' 4?1 o a a
AAMFUULLA889 XGBoost lain19 A uWiaasuInau wudnddse@nsnn

121 IneszdnsninEuasinanuauiiaasmaus 5 Niaesiuly winasld training size #i

=b.

] o 1 ] a a o ai v a a dlddl A
wansineiu lddnaseilsc@nsnanuinin lnanimaaesnilss@ninninangn aAs
ANUIUN QBT 9 a2 training size WA 50% tnal¥A1 accuracy waz F1 score

Winfy 99.66%

a a o dl ¥ a o A = 5% aa .
A3 6 UseANENININUL LA NLTARAAAAaNNIAasAREAE Chi-square

Algorithm No. of Training Accuracy F1 AUC
Features size Features name (%) score score
(%) (%)
Logistic 3 50% “gill_size”, “bruise”, “gill_spacing” 89.34 89.34  91.39
Regression 60% 88.62 88.60 91.22
70% 88.23 88.22  90.92
5 50% “gill_size”, “bruise”, “gill_spacing”, 88.40 88.40 95.14
60% “spore_print_color”, “ring_type” 88.09 88.09 9517
70% 87.74 87.73 94.87
7 50% “gill_size”, “bruise”, “gill_spacing”, 88.53 88.52  94.52
60% “spore_print_color”, “ring_type”, 88.22 88.21 94.40
70% “gill_color”, “cap_surface” 87.74 87.73 94.12
9 50% “gill_size”, “bruise”, “gill_spacing”, 89.19 89.19  94.31
60% “spore_print_color”, “ring_type”, 88.86 88.86 94.28
70% “gill_color”, “cap_surface”, 88.56 88.55 94.35
“population”,

“stalk_color_above_ring”
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Algorithm No. of Training Accuracy F1 AUC
Features size Features name (%) score score

(%) (%)

Support 3 50% “gill_size”, “bruise”, “gill_spacing” 89.34 89.34 91.34
Vector 60% 89.11 89.11  89.34
Machine 70% 88.64 88.64 90.85
5 50% “gill_size”, “bruise”, “gill_spacing”, 98.55 98.55  99.07

60% “spore_print_color”, “ring_type” 98.52 98.52 98.42

70% 98.56 98.56  98.44

7 50% “gill_size”, “bruise”, “gill_spacing”, 99.26 99.26  99.92

60% “spore_print_color”, “ring_type”, 99.63 99.63 99.91

70% “gill_color”, “cap_surface” 99.67 99.67  99.91

9 50% “gill_size”, “bruise”, “gill_spacing”, 99.50 99.50  99.76

60% “spore_print_color”, “ring_type”, 99.79 99.78 99.98

70% “gill_color”, “cap_surface”, “population”, 99.75 99.75  99.98

“stalk_color_above_ring”

Decision 3 50% “gill_size”, “bruise”, “gill_spacing” 89.34 89.34  92.03
Tree 60% 89.11 89.11  91.86
70% 88.64 88.64 91.58

5 50% “gill_size”, “bruise”, “gill_spacing”, 98.55 98.55  99.96

60% “spore_print_color”, “ring_type” 98.52 98.52 99.97

70% 98.56 98.56  99.97

7 50% “gill_size”, “bruise”, “gill_spacing”, 98.79 98.79  99.96

60% “spore_print_color”, “ring_type”, 99.63 99.63 99.99

70% “gill_color”, “cap_surface” 99.67 99.67  99.99

9 50% “gill_size”, “bruise”, “gill_spacing”, 99.75 99.75  99.84
60% “spore_print_color”, “ring_type”, 99.69 99.69 100.00

70% “gill_color”, “cap_surface”, “population”, 99.75 99.75  99.87

“stalk_color_above_ring”
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Algorithm No. of Training Accuracy F1 AUC
Features size Features name (%) score  score

(%) (%)

Random 3 50% “gill_size”, “bruise”, “gill_spacing” 89.34 89.34 92.03
Forest 60% 89.11 89.11 92.03
70% 88.64 88.64 91.58

5 50% “gill_size”, “bruise”, “gill_spacing”, 98.47 98.47  99.95

60% “spore_print_color”, “ring_type” 98.47 97.47  99.95

70% 98.48 98.48  99.97

7 50% “gill_size”, “bruise”, “gill_spacing”, 98.52 98.52  99.98

60% “spore_print_color”, “ring_type”, 98.52 98.52 99.98

70% “gill_color”, “cap_surface” 99.34 99.34 99.98

9 50% “gill_size”, “bruise”, “gill_spacing”, 98.82 98.82  99.98

60% “spore_print_color”, “ring_type”, 98.82 98.82 99.98

70%  “gill_color”, “cap_surface”, 99.02 99.02 100

“population”, “stalk_color_above_ring”

XGBoost 3 50% “gill_size”, "bruise”, “gill_spacing” 89.34 89.34 92.03
60% 89.11 89.11  91.86

70% 88.64 88.64 91.43

5 50% “gill_size”, “bruise”, “gill_spacing”, 98.55 98.55 99.96
60% “spore_print_color”, “ring_type” 08.52 9852 9997

70% 98.56 98.56  99.97

7 50% “gill_size”, "bruise”, “gill_spacing”, 99.36 99.36  99.99
60% “spore_print_color”, “ring_type”, 99.45 99.45 99.99

70% “gill_color”, “cap_surface” 99.63 99.63  99.99

9 50% “gill_size”, “bruise”, “gill_spacing”, 99.66 99.66 100
60% “spore_print_color”, “ring_type”, 09.63 99.63 100

70% “gill_color”, “cap_surface”, 99.55 99.55 100

“population”, “stalk_color_above_ring”
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[ o 2 [J L4 a @ o o aa . .
4, N@ﬂWﬁ‘H’as‘m’]iﬂﬁ’NLLUUQ']'Z‘I’BQT@EI’L?WIﬂuﬂﬂ’]ﬁﬂﬂﬂﬂt@’ﬂiﬂ%ﬂ%ﬁ Principal
Component Analysis (PCA)

Wald3s PCA TunsainWiaafdniunisaf1aulLanand 5 LWULIANAad WLG

- Logistic Regression a1nn1ndsznay 86 wudn n13ld Training size Auansnarii

A1u9U 3 6791491 wud1lunn7 training size A1 cross validation score (accuracy)
¥ 421 dl o AI dgj 1 al d‘ dl ¥ o a| r:l/ 1

wua liNgeuuLiadUaU components XA IngA A lda uauniaafiaus 3 il
5 o do sy . a o4

fiuld uazaiuan components N9AN cross validation score (accuracy) INAANGINQAUB

training size Winfiu 50%, 60% WAz 70% Aa 20, 19 LA 19 components ANNATAL

1 1 v

Tme A1 cross validation score (accuracy) 9 Qﬂﬁ 4AUBNYY 3 training size WU
] o = =3 v A dl . i b 1 o Yo
WANAINAULNENILANUAE ARN training size 1AL 50%, 60% way 70% Gl‘wmﬂ?zuﬁm

0.9446, 0.9433 WAL 0.9431 ANNANAL

Training size = 50% Training size = 60%
PCA of Logistic regression PCA of Logistic regression
= 1.0 = 1.0
(3] (3]
g g
2 09 2 09
o o
< <
e 08 2 08 c ts = 19
g Components = 20, g omeonems |
o Components = 3, o Components = 3, Accuracy = 0.94337
= 07 Accuracy = 0.94461 c 07
2 Accuracy = 0.87543 2 Accuracy = 0.87341
© ©
Z 06 2 06
T T
> >
30.5||||||||||||||||||| EO'SIIIIIIIIIIIIIIIIIII
© 5 10 15 20 © 5 10 15 20
Number of components to keep Number of components to keep

(n) ()

Training size = 70%

PCA of Logistic regression
1.0

0.9

08 Components = 19,
Components = 3, Accuragy = 0.94319

0.7
Accuracy = 0.87566

Cross validation score (Accuracy)

Number of components to keep

(R)

nwlsznau 86 NaNLAAY cross validation score (accuracy) Waldanuau components
:I/ 1 sl 1 o . . . dl - . !
Fialsl 1 - 20 Tun191E9s PCA sauniy Logistic regression 9 training size A137

(n) training size = 50%, (1) training size = 60% WAz (A) training size = 70%



102

- Support Vector Machine arna Iy senay 87 wudn nngld Training size #
LANFANAUAIUIY 3 FM31d9U Wud1lunne training size AN cross validation score
A ow F 4 g 2 . 4
(accuracy) Huualingeriasa1uIU components WNTU TneiA13NgaNINNdY 0.9000 7

UL LAY 3 LazATENAINANWIN components WinL 4 idusulyl wazanuau

D

components N19%A cross validation score (accuracy) 5\‘1@3 ANGINGAUD training size

u q

WL 50%, 60% waz 70% AanaulLiiaas 10, 9 LAz 8 components ANANAL

1 v v

TneiAn cross validation score (accuracy) Ng4NgA284919 3 training size WAL
1.0000
A mFuqadayanaIul components WL 1 294 training size Winril 70% 1
#1190 UNAN cross validation score (accuracy) 16 1iegann Google colab anlung
Usznranauiundn 10 dalue uAadn9lsinnuualinaasan cross validation score
Y . P iy
(accuracy) WWAIAIWNINU training size DU LL@xiulﬂﬁqmw@uiﬂ

Training size = 50% Training size = 60%

PCA of Support Vector Machine PCA of Support Vector Machine

-
o

-
o

Components = 9,
Accuracy = 1.00000

o
©
o
©

Components = 10,
Accuracy = 1.00000

Components = 4,
Accuracy = 0.97559

Components = 4,
Accuracy = 0.97267

Cross validation score (Accuracy)
o
@

Cross validation score (Accuracy)
o
2]

0.7 07
06 b— v 04w 06 b— 1 1 14w
5 10 15 20 5 10 15 20
Number of components to keep Number of components to keep
(n) (1)

Training size = 70%

PCA of Support Vector Machine

gl —
g
3
3 Components = 8
< 09 p ,
] Components = 4, Accuracy = 1.00000
o
& 08 Accuracy = 0.97714
=
2
o
2 07
©
>
o
o
0 06 L—L 4 10
o
5 10 15 20

Number of components to keep
(n)
Awdsznau 87 neWL@AS cross validation score (accuracy) Lﬁ'ﬂ%"ﬁ’]mu components
Faugt 1 - 20 Tunn71438 PCA Fauriu Support Vector Machine 7 training size F47)

(n) training size = 50%, (1) training size = 60% WA (A) training size = 70%
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- Decision Tree annwLlsznay 88 Wuan ngld Training size ﬁLmeﬁmﬁuﬁi”]mu
3 8m31491 Wud1lumne training size A cross validation score (accuracy) ﬁLLmTﬁNQ\‘lﬁu
BRI components FAnau IneAnGuadieiuaL components WAy 4 Wuduld way
AU components ‘17;1‘15!’?#’1 cross validation score (accuracy) ﬁﬂmﬁgﬁﬁlqmﬂq training
size WU 50%, 60% WAL 70% AaRANLIY components WAl 8, 8 LAz 9 components
AINANAL

ImeAn cross validation score (accuracy) 171' zgj\‘i‘ﬁ ana ﬂ\‘l‘t;’l//ﬂ 3 training size ‘ffu
wansnefuieadntes Aad training size U 50%, 60% wax 70% LAn1lsrann

0.9916, 0.9897 LAz 0.9892 ANNANALI

Training size = 50% Training size = 60%
PCA of Decision Tree PCA of Decision Tree
F 1.00 7 1.00
s s
3 3
o o
Q Q
< <
g 0.85 Components = 8, g 0.85
® Companents = 4, Accuracy = 0.99163 ® Components = 4, Gomponents =,
< = < Accuracy = 0.98974
& Accuracy = 0.98104 & A ~ 0.98338 Y
& 090 & 080 k4
= =
© ©
> >
2 2
E 085 L 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 E 085 L 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
(6] (6]
5 10 15 20 5 10 15 20
Number of components to keep Number of components to keep
(n) (1)

Training size = 70%

PCA of Decision Tree

-
o
o

=
[*)
g
3
o
o
<
o 095
o
2 Components = 9,
s Components = 4, Accuracy = 0.98927
T 0.90 Accuragy = 0.98364
o
=
>
(0]
(7]
e 085 L 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
o
5 10 15 20

Number of components to keep
(R)
nwsznau 88 NaNLAAY cross validation score (accuracy) Waldanuau components
A onay e . a0 . :
Faus 1 - 20 lunn3ld98 PCA $auriL Decision Tree 7 training size 51147

(n) training size = 50%, (1) training size = 60% W& (A) training size = 70%
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- Random Forest a1nn1wusznay 89 wud1 n1sld Training size NUANA1GTY

o

Au9U 3 §m91491 wud1lunn7 training size A1 cross validation score (accuracy) §
19 49T 83149 components 1NAY TAANBENAINAUAW components WAL 3

ho)

v ° RN , . = A
Wudulyl wazanuau components WA cross validation score (accuracy) INAANZING

284 training size WU 50%, 60% WAz 70% ABN1A11IL components WL 20, 19 La

ee

20 components ATNAIAL
Tme A cross validation score (accuracy) 149N §ABINN 3 training size 11
WANFANSA RN E9LANTae AN training size WiNfU 50%, 60% Was 70% WAL szN1

0.9982, 0.9985 LAz 0.9994 FINATAL

Training size = 50% Training size = 60%
PCA of Random Forest PCA of Random Forest
3 1.00 3 1.00
s &
3 3
o o
o o
< L <
o 095 Compenents = 3 Companents = 20, o 095 Components = 3,
8 [ A =0.99828 g G ts =19,
3 Accuragy = 0.97366 ey H Accuragy = 0.97394 ampanents
c c Accuracy = 0.99856
8 i
s 0.90 w 0.90
o o
© ©
> >
[0 [0
[ [
E 085 L 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 e 085 L 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
o (&)
5 10 15 20 5 10 15 20
Number of components to keep Number of components to keep
(n) (1)

Training size = 70%

PCA of Random Forest

=
o
o

4
1
R

o
©
I

Components = 20,
Accuracy = 0.99947

Components = 3,
Accuracy = 0.97485

o
©
o

Cross validation score (Accuracy)

085 L—r 1 0 0oap1 )31 1 1)
5 10 15 20
Number of components to keep
(R)

nwdsznau 89 naNLAAY cross validation score (accuracy) Waldanuau components
Z// 1 oaal 1 [ dl o . 1
Faust 1 - 20 lunn3l498 PCA 3911 Random Forest 71 training size 5147

(n) training size = 50%, () training size = 60% WAz (A) training size = 70%
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- XGBoost ann 1w sznau 90 wudn 19 ld Training size AUANANITLANLIY 3
831891 WuI1lunn) training size A1 cross validation score (accuracy) ﬁLmeNQQ%u
BRI components FAnau IneAnGuadieiuaL components WAy 3 Wusuly way
AU components ‘17;1‘15!’?#’1 cross validation score (accuracy) ﬁﬂmﬁgﬁﬁlqmﬂq training
size .WMNAU 50%, 60% LAy 70% Aafisnuauy components LvinA U 16,20 Lag 17
components ATNANAL

ImeAn cross validation score (accuracy) ﬁ@jﬂ‘ﬁ A mmﬂ\‘l%ﬂ 3 training size ‘ffu
wansnefuieadntes Aad training size U 50%, 60% wax 70% LAn1lsrann

0.9992, 0.9995 LAy 0.9978 AINAIAL

Training size = 50% Training size = 60%
PCA of XGBoost PCA of XGBoost
T 1.000 —————— o o 1000 = —————————ve
g T [ T
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< £
- = ~ = (o] =20
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@ 0850 Ll 1100wy ob o 1u @ 0850 L 0 1144441
o [=]
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(R)

nwdsenau 90 NaNLAAY cross validation score (accuracy) Waldanuau components
Fawst 1 - 20 Tun191498 PCA fauriu XGBoost 7 training size 19|

(n) training size = 50%, (1) training size = 60% WA (A) training size = 70%
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AINTUAIINITRBNA1UIU components NUNIAF19ULLANAB9FINALNNT L
MATA PCA LAZNINITNAgaLdalse@nsn iy Test Set #9annnsinlunindsznay 86 —

90 wud1lunne wuuA1a8l 911491 components 1111154 AN cross validation score

1
= =

(accuracy) BNANEAlE1191 components 14d94 3 - 4 components TIUAIANAN T
AU 19191191 components N1NT AN cross validation score (accuracy) Wl b
dgj 1 < Y o v o dl a < o v o a
WnAuetaiulade uazrinldaiuaw components Nuniuldiananilfuuuanasain
e ¥ o ?/ =X o o dl ) =
n19g overfitting TANAN AYTUAININUATBULUAA1WI% components N1 Ll Anwn
UszAnsninsiall lugdae 3 - 9 components Tnafaas lAldaanAnuiaunn 4 A1 Aa 3,5, 7
dl 9 o ¥ [ ! . dl ° 4
Was 9 sﬁd;ﬂqfﬂﬂimuﬁﬂdﬂﬂﬁzﬂﬂummLLI?]ZQ:: components (component loading) LNANIAUA LA
1€a1149U components = 3, 5, 7 LAY 9 AINITNAABI WULFAAL training size IALAINIID
wansl Aanwilsznaui 91 - 93 Tasaunsnagy1edn
A171EaN19% components = 3 WL91914 3 training size AANNUNaRTAS
. . a; a ralld o o v a ai A
- principal component v 1: V\lmmvmmmmrﬂa&limﬂumL.mmnmﬂngm AR

“bruises” 7a9a311azLi1U “gill_size” AuRNwainaudAnylneliua ey

mﬂﬁzgm An “ring_type”

1
= ol a o

- principal component 71 2: WaasniAud1Ay naliua@auanuinign Ae

D

[ %

“bruises” AUNIRasARANNEATY e i NaITsaUNINNgA AD “stalk_shape”

7

6* [ %3

- principal component 7 3: WiaasniANd1ATy aaliua@auanunign Ae

“gill_spacing” a “stalk_shape”

n151da1191 components = 5 WL91%4 3 training size AAMNWNAUIUAY

- principal component 104 3 wilauiunsldanuau components = 3

. A = ol °o o v 2 A =
- principal component 9 4: NRafNNAIINE mimﬂumammnmnmﬁm AR
“cap_surface”

L A = P °o o o 2 P =
- principal component N1 5 : WmmmummmmmimﬂlumLﬁﬁqmﬂmnmm AR

“ » 2 = raid o o % a dl A “« ”
cap_surface ﬂ‘m/\|L@'ﬂ?ﬂ/mﬂ')’mmﬂmimﬂw\lmm@umﬂmﬁm MA@ “cap_color

o

v
A5 R4 components = 7 289919 3 training size WLANNANNUNAUTUAD

- principal component 11 D9 3 wleutuns NI components = 3

- principal component 4 D9 5 wileutuNs AW components =5
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. . ai = rdld o [ v a dl A
- principal component 1 6 : WiRasnuAaNu4d me&IMN@LmQ@UNWﬂmqm AR
“cap_surface”
. . dl = rdld o o v = ndl =
- principal component N1 7 : WLAaaTNNAINNAN mimﬂum@mmﬂmnmm AD
“gill_color”
¥ o 2// . .\ = ¥ o A
mﬂmmfau components = 9 UAVN 3 training size NAMUARILUNUAD
- principal component 11 049 3 wileuiunsldanuan components = 3
- principal component i 4 D4 5 wilauiunTldan U components = 5
- principal component 1 6 D9 7 WwiNeuunT AW components =7

6% o

- principal component 7 8 : WiaasndA g Ay Ina linaEauanuInign Ae

-

“habitat” TU W 13 a §

o))
D

dld o o v a dl
VIQJV"I'J”IN@’]QELIIﬁﬂiﬁﬂl@“ﬁ\‘]@ﬂg\l’]ﬂ‘ﬂfﬁﬂ

o

“stalk_surface_below_ring”

[ %

- principal component'ﬁ 9: ﬁﬁﬂﬁlﬁ Training size = 50% WL@ﬂﬁ{ﬁﬁﬂmmzﬁﬁﬂﬁy
Taelfualdaay taun “stalk_surface_below_ring”, “cap_surface”, “bruises”
daufl Training size = 60% WAz 70% fuazuanstsaanlilde #iaefia
AarudA lnalduat@euan Tdun  “stalk_surface_below_ring”,

“cap_surface”, “bruises”, “habitat”
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Train size = 50% Train size = 50%

PCA : n_components = 3 PCA : n_components = 7

cap_shape cap_shape 0.6
cap_surface cap_surface
cap_color 0.4 cap_color
bruises bruises 04
odor odor
gill_attachment 0.2 gill_attachment 0.2
gill_spacing gill_spacing
gill_size gill_size
gill_color gill_color 0.0
stalk_shape 0.0 stalk_shape
stalk_surface_above_ring stalk_surface_above_ring
stalk_surface_below_ring stalk_surface_below_ring -0.2
stalk_color_above_ring —0.2 stalk_color_above_ring
stalk_color_below_ring stalk_color_below_ring
veil_color veil_color —0.4
ring_type nng_type
ring_number —0.4 ring_number
spore_print_color spore_print_color —o.6
population population
habitat —0.6 habitat 0.8
0.0 2.5 0 2 4 6

i i - 0,
Train size = 50% Train size = 50%

PCA : n_components = 5 PCA : n_components = 9

cap_shape cap_shape 0.6
cap_surface cap_surface
cap_color 0.4 cap_c-olnr 04
bruises bruises
odor odor
gill_attachment 0.2 gill_attachment 02
gill_spacing gill_spacing
gill_size gill_size
gill_color 0.0 gill_color 0.0
stalk_shape stalk_shape
stalk_surface_above_ring stalk_surface_above_ring
stalk_surface_below_ring —0.2 stalk_surface_below_ring -0.2
stalk_color_above_ring stalk_color_above_ring
stalk_color_below_ring stalk_color_below_ring
veil_color —0.4 veil_color -0.4
ring_type ring_type
ring_number ring_number
spore_print_color -o.e spore_print_color 06
population population
habitat ~08 habitat 08
0.0 25 0 2 4 6 8

ANUsEnau 91 Component loading 284n154 n_components Winiu 3, 5, 7, 9 tneld

training size Wiy 50%
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Train size = 60% Train size = 60%

PCA : n_components = 7

PCA : n_components = 3

cap_shape

cap_surface

cap_color

bruises

odor

gill_attachment
gill_spacing

gill_size

gill_color

stalk_shape
stalk_surface_above_ring
stalk_surface_below_ring
stalk_color_above_ring
stalk_color_below_ring
veil_color

ring_type

nng_number
spore_print_color
population

habitat

cap_shape

cap_surface

cap_color

bruises

odor

gill_attachment
gill_spacing

gill_size

gill_color

stalk_shape
stalk_surface_above_ring
stalk_surface_below _ring
stalk_color above ring
stalk_color_below_ring
veil_color

ring_type

rng_number
spore_print_color
population

habitat

H i
0 2 4 6

Train size = 60%

0.0 2.5

Train size = 60%

PCA : n_components = PCA : n_components =

cap_shape cap_shape ’
cap_surface cap_surface
cap_color 0.4 cap_color 04
bruises bruises
odor odor
gill_attachment 0.2 gill_attachment 0.2
gill_spacing gill_spacing
gill_size gill_size
gill_color 0.0 gill_color 0.0
stalk_shape stalk_shape
stalk_surface_above_ring stalk_surface_above_ring
stalk_surface_below_ring —0.2 stalk_surface_below_ring -0.2
stalk_color_above_ring stalk_color_above_ring
stalk_color_below_ring stalk_color_below_ring
veil_color —04 veil_color —04
ring_type ring_type
rinngumber 06 ring_number 06
spore_print_color spore_print_color
population population
habitat _0.8 habitat _0.8

A nUsenau 92 Component loading 284n19 4 n_components Wi 3, 5, 7, 9 tneld

training size WinfU 60%



Train size = 70%

PCA : n_components = 3

0.0 fa ]

Train size = 70%

cap_shape

cap_surface

cap_color

bruises

odor

gill_attachment
gill_spacing

gill_size

gill_color

stalk_shape
stalk_surface_above_ring
stalk_surface_below_ring
stalk_color_above_ring
stalk_color_below_ring
veil_color

ring_type

ring_number
spore_print_color
population

habitat

PCA : n_components =

cap_shape

cap_surface

cap_color

bruises

odor

gill_attachment
gill_spacing

qgill_size

gill_color

stalk_shape
stalk_surface_above_ring
stalk_surface_below_ring
stalk_color_above_ring
stalk_color_below_ring
veil_color

ring_type

ring_number
spore_print_color
population

habitat

cap_shape

cap_surface

cap_color

bruises

odor

gill_attachment
gill_spacing

gill_size

gill_color

stalk_shape
stalk_surface_above_ring
stalk_surface_below_ring
stalk_color_above_ring
stalk_color_below ring
veil_color

ring_type

ring_number
spore_print_color
population

habitat

cap_shape

cap_surface

cap_color

bruises

odor

gill_attachment
gill_spacing

gill_size

gill_color

stalk_shape
stalk_surface_above_ring
stalk_surface_below_ring
stalk_color_above_ring
stalk_color_below ring
veil_color

ring_type

ring_number
spore_print_color
population

habitat

Train size = 70%

PCA : n_components = 7

0 2 4 6

Train size = 70%

PCA : n_components =

110

AnUsenau 93 Component loading 284n19 4 n_components Wnfiu 3, 5, 7, 9 tneld

training size Winfyu 70%
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nasa N usaza 1wl components 114 lun1sa519uuLa1a99919 5 WLUANABY
faufun1Fldmaiia PCA waann1smagalilss@ananin Inanananalsnanigg 7

A1uFULLUA1aee Logistic Regression wudntilaini3144114914 components 810
dgj oA a a dp ! . . dl ] v A ' a2 a v
U WUIHUTZANBTNINNINTU LASWLAN training size NuwAnsANaiy Auasadss@naniniias
Tnannsnnaasililsc@nnmaangn Aa N91uat components WAL 9 WA training size
WiniL 50% tneliAn accuracy WAz F1 score Winfiu 90.35% WAz 90.33% AINANAL

o [ o . 1 dl = v o

ANNTULLLANAAN Support Vector Machine WUINLHaRNNFER11U9U components

d?/ oA a a tigl 1 . . tzi 1 o IS '

NINTU NUINHUTZENTAINNINTU WATWUA training size NuANF19TUL LA Nase
Usz@nBnamunniin lasnnmaaeenlilss@vsn1nwnanga Aa 1911491 components Wiy
9 Taell¥iA1 accuracy waz F1 score WiNAY 100%

o o o - dl = ¥ o d?I oA

ANMFULLLAA8Y Decision Tree WHaNN13 MA191 components NMNUU WUINH
1lsx@nan1nunty IneiszAnSnniENAIiNaNUaL components A9WA 5 components 21
11 wrinn31d training size NwANFA19Rw ldRuasalsz@nininwunidn Inanisnaasad ld
Usg@NBNINNRTN4A Aa N1A1UIW components WL 9 UAY training size Wiy 60% 1ag
¥F1 accuracy waz F1 score Winfiu 99.97%

o o o dl al Y o d?I 1 al

AIMTLULLA1a89 Random Forest latn13lda11q1 components AMNUU WLIN

a a dgl 1 ¥ . B . dl 1 [ % = 1 a a 1

U32BNTNINNINTU win13 1 training size NuAnFANAL Nuafelsz@nsninlunmas
components Nldwdauiu nanaAe 1 components WAL 3 WULN 9 training size = 70%
TilszANBNNNRNGA 9898911 ABT training size = 50% WAZAATINEIADT training size =
60% d9u% components Wi 5, 9 WL41 9 training size = 50% Lidsz@NEnNNANGA

2A9A9NAR T training size = 70% LL@:@mﬁ’mﬁ@ﬁ training size = 60% AU components

] 1
aa

WinAU 7 WU91 7 training size = 60% l1ilsxANEN 1 NNATI4A $998911AR T training size =
70% wargnvinamad training size = 50% Inanismaaesnlidsc@ninnnaign Aa 9
Q1191 components N 9 LAY training size W11 50% Tael¥A1 accuracy wae

F1 score Winnu 99.29%

|
=

AN1MFULULANA89 XGBoost LHain 1314411491 components N1NTU NUF1H
v 1 [ v v
1s@ANTnnNNAIUL Iaase@ninnEuaannatuuNaassiauns 5 Wiaasaull usnisld

e . dl ] [ 1 ] a a o dl v a a dld
training size NLANAINNY VLNNN@G]@‘]J?tZW]ﬁﬂ’]WN’]ﬂuﬂ Tnanimaansn lilse@nsnining
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Ngn Aa NAuIuNLRefviniL 9 uae training size Winiu 60% taaliiA accuracy way

F1 score WINAL 99.78%

AN94 7 Usrdninmaasuuuaiand naldinaianisananiaassngda PCA

Algorithm No. of Training size Accuracy (%) F1 score (%) AUC score (%)
components

Logistic 3 50% 85.25 85.25 89.38
Regression 60% 85.17 85.17 89.10
70% 84.91 84.90 88.83

5 50% 88.53 88.52 90.40

60% 88.68 88.67 90.06

70% 88.06 88.06 89.64

7 50% 88.92 88.90 93.38

60% 88.52 88.50 93.39

70% 88.06 88.04 93.28

9 50% 90.35 90.33 94.90

60% 90.09 90.07 95.02

70% 90.32 90.30 95.17

Support 3 50% 91.48 91.48 96.90
Vector 60% 91.42 91.41 96.86
Machine 70% 90.73 90.73 96.76
5 50% 98.52 98.52 99.53

60% 98.62 98.62 99.51

70% 98.48 98.48 99.36

7 50% 99.95 99.95 100

60% 99.88 99.88 100

70% 99.88 99.88 100

9 50% 100 100 100

60% 100 100 100

70% 100 100 100
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Algorithm No. of Training size Accuracy (%) F1 score (%) AUC score (%)
components
Decision 3 50% 98.70 98.69 99.87
Tree 60% 98.71 98.71 99.91
70% 98.56 98.56 99.83
5 50% 99.41 99.41 99.99
60% 99.63 99.63 99.98
70% 99.63 99.63 99.99
7 50% 99.73 99.73 100
60% 99.72 99.72 100
70% 99.75 99.75 100
9 50% 99.88 99.88 100
60% 99.97 99.97 100
70% 99.92 99.92 100
Random 3 50% 96.63 96.63 98.56
Forest 60% 95.85 95.85 98.77
70% 97.33 97.33 99.02
5 50% 98.92 98.92 99.28
60% 97.88 97.88 98.71
70% 98.32 98.32 99.12
7 50% 97.34 97.34 98.67
60% 98.28 98.28 99.29
70% 98.24 98.24 99.52
9 50% 99.29 99.29 99.58
60% 97.63 97.63 98.61
70% 98.48 98.48 99.11
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AN 7 (p1D)

Algorithm No. of Training size Accuracy (%) F1 score (%) AUC score (%)
components
XGBoost 3 50% 97.32 97.32 99.64
60% 97.45 97.45 99.70
70% 97.62 97.62 99.69
5 50% 98.79 98.79 99.92
60% 98.92 98.92 99.94
70% 99.22 99.22 99.94
7 50% 98.87 98.87 99.93
60% 99.26 99.26 99.96
70% 99.22 99.22 99.97
9 50% 99.56 99.56 99.99
60% 99.78 99.78 100
70% 99.67 99.67 100

v ] v
ANUANITANEHININHANLINLHDNANTUNAINTIL L ANTNINIBIULLLANADY, WATIA
o A o a - L. X PRy ° = ' ! ° L
N19AMABN/NNTANANLAAT, training size N1 La=a1U4UNLRAT WLI1 WLLAA89 Decision

Tree N4 wmalla RFE Taeld training size Winu 60% wazldanuiuiiaasivindy 3 Wiaas

(“odor®, “qgill_size", “spore_print_color”) ﬁmwmmmuﬁqm (Accuracy wae F1 score =

99.32%)

v v 1
& o/

Hagann nrsldniaafianum 20 Wiaas duiluauiunuinuazuintinldldlunng
anundszinnialas W uruui uLalwaady WuAaud19lde1ulaa1u1n 1adann

dszrnruanaldniuiesaziaaanaia loun analdnsudsdaya population (Anuy

@ a a o I

NNINTEAEFT / NIIINIENANAUIBNLTR) TOinTaREaTUaIalNIINIzANE A ININNGT 1

A dld < [~3 = ] o a
LU UIBUNANATBINNINLUA (cap_color) NAN1ANAIINLANFINNLULAINITHANA

1 1 !
A A & o =

WWanasuImAnA PCA Nifluntsadaniaas Adeaitung g ufasnsutsiiaas

a

a vy

MannainediNiainLilu components waznisandfdayaasasnatia PCA Wlaildn
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ANNANAUTIR e ULz n1e9din WANARNNE91289 component loading WHAIN17D
o 2= °‘dldl [T : ” “ . w2 £
muuagumﬂmﬂmmmﬂ gill_size” waz “spore_print_color” taniiagl
Laztiafa1suInamAllA Chi-square TUNLGINNTHULA1A0S WAZYN?) training
size NMANULAIRefvINAL 3 Use@nsnndelinwiniumaiia RFE
di a = o dl a a o dy 1 o
LATLHATNAITUI DL LS80 TimATlA RFE inaqiuil nud1wuu[nans
Random Forest #1 training size W11 60% wazldanuruiliaefivindy 3 Niaef deldniaes
WAeariuiu Decision Tree 14 (“odor®, “gill_size*, “spore_print_color”) A l#1lse@nsnng
o ] o L. Y o o v v |
Winri wsllLuanaed Decision Tree tiudAndudaniiasndn Random Forest
AITUEISERARNLLUA1984 Decisoin Tree N lmatia RFE ngald training size
WL 60% wazldanuaniiaasivindy 3 Wiaas (“odor*, “gill_size®, “spore_print_color”) 4
WKL U KLU Y (prototype) UL kel natndy tneldinsasileaNaa Streamlit Iae
FANNNTOLARY ANNNLTTNAL 94
wiagelsinuludauaasiliaas “spore_print_color’ (@uaesaafinwales) fanall
1 o a 1 5 2 “ 3 = ¥ dl dl
ARINUANGANAUIBINITNOIA U “Brown” iUl “Chocolate” R4AIABLANEITIAENEY LN
aislnslatfesssALanuduen

o mushroom_withproba - Streamlit X

€ > C O (Olahsts’ol @ © % % 0@ :

=  asanundsziania (Wiee kia nu'la)
asIanunilsziantiia (Windy uda niu'la)
szusayaiainy

sxuﬁngaﬁaﬁwu 2 o
: nanzananiia

nduLaIRania X
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none -
uazadRTuia
ANAVBIATULRR
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duassapfinnailas
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oRaiiuld e
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AgEnan 94 ARasiniULALNALATUATLLIL

() AreenaNan1InWeinsulseniule (1) Faet1ananIsiIuneminR e
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ArraFanuqauianun 20 Wiaaswudiuuuaians Logistic Regression Mitlsz@nsnniian

4n 11893 Logistic regression Lilu linear model IsdAanaunsnlun1stlszunang

=)

] 1 (2
A = = ] o

yaniarndudeuning IFlkandemsuiuwuueaIaesdu] luauddeil douuuuanaed

E)?

Decision Tree 1isz&n5n1nA A1 F1 score Uaz accuracy @aulvnviniu 100% aniduin
14 Training size = 60% N1 A1 F1 score, accuracy ka2 AUC score 1111 99.69% 4
dl dl o .. Z// o 1 9,/2// = ] [

111899 hyperparameter ALULA1a84 Decision Tree Wl FuA1 iUl A uansteiule

¥

training size = 50% WAL 60%, 70% LL@%@’]@La@“]qﬂﬂ')’]ilLLmﬂﬁqﬂﬂﬂﬂﬂq?LLﬁﬁﬁﬁmﬂﬂﬁ]ﬂﬁ
- X . e ey o dasy. .4 e
NeauluLsaY training size M IWlLLLAa89 Decision Tree 1L training size NWANANNTIY
= 7N [ % ] o = o = .
L’iﬁl%fiﬁﬁl’mﬂu AULLLANAANAN 3 LUURINARY AR Support vector Machine, Random
Forest Az XGBoost Tisz@nsnna Aald A1 F1 score, accuracy uaz AUC score WL
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Performance metric using 20 features

935
93.5
97.14
93.23
93.23
97.27

100
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50
25

0

50% 60% 70% | 50% 60% 70% = 50% 60% 70% @ 50% 60% 70% @ 50% 60%  70%

Percentage of performance metric

Logistic Regression  |Support Vector Machine Decision Tree Random Forest XGBoost

mAccuracy mF1score AUC score

v
6 o

nwilsznay 95 newlianallsr@anininaaaunaazuuuanaad Iaaldniaafisrun 20 Aiaas

Ausunasngnrgsanuuanaadlas ldiiaasi laannni3falaansaaeda Recursive

v 1 1
Feature Elimination (RFE) 1iu l#agililss@nsnanitlaiilusn F1 score 1asandanndiaes
iU Accuracy LAENITANUIIUNIAN F1 score ANT91N Precision Az Recall 1114 lugmns

AU TIAINNTINATNAINLILNAL 96 RANTDLAAINA 1A TUAINIINLLLAIADY

1
=

N . . % a a 1 ¥ v 1 o dl dl . .
Logistic Regression Milsz@ngniniiAeudiatiaendiutusa1aasdus] wesan Logistic
) ! =< = P A= o v
regression {11 linear model @aiANAINI90 NsLsTraaNatRYANN A NE LT UNNT

B di = o o dll a o dgj o . . dl Y
IaldRdemeuiuuuuaaesauluuddeil wazluuuusaes Logistic Regression
Sunuiinefivindy 5 Ay annmetasndinisldenuaniliaesivindy 3, 7 uaz 9 o4
AAnuaenAaeaiLNsmuang cross validation score (accuracy) ANN7 bawansldnaumsia
(nisznau 76) wh ludiuresuluanasd XGBoost WL training size WiniL 70% WAz
Idauauiiaesvindy 3 WlssAnsnaniangalunisdnunrianun dewudiwiaasi A

! 1y , ° A Ay wo = e 1 e > = , A -
ABUENILANANNANNLLLANA8dR NN IFaua KA Iaa fiin il (Windu 3) Ae linuddenilaes
Ta “odor” ¥13@ “spore_print_color’ 1114 N171Uss0a0a BWATA1ARAAINAYNNLANFANIYE

nsuLNgadeyanifinluluwsas training size
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Performance metric of model with RFE technique

F1 score (%)
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Performance metric of model with Chi-square technique

§49'66
€9'66
99'66
€9'66
Gv7'66
9€'66
9586
¢5'86
5586
7988
1168
7€'68
2066
28'86
¢8'86
¥€'66
25'86
25'86
817'86
Lv'l6
Lv'86
7988
11'68
vE€'68
S.'66
6966
§/'66
L9'66
€9'66
6.'86
9586
¢5'86
§5'86
79'88
11'68
7E€'68
S.'66
8,66
05'66
19'66
€9'66
92'66
9586
¢5'86
5586
79'88
1168
¥€'68
5588
98'88
6168
€L18
1¢'88
¢5'88
€L'/8
60'88
0v'88
44}
0988
€68

F1 score (%)

%0L
%09
%0S
%0L
%09
%05
%0L
%09
%05
%0L
%09
%05
%0L
%09
%05
%0L
%09
%05
%0L
%09
%05
%0L
%09
%0S
%0L
%09
%05
%0L
%09
%05
%0L
%09
%0S
%0L
%09
%05
%0L
%09
%05
%0L
%09
%05
%0L
%09
%05
%0L
%09
%05
%0L
%09
%05
%0L
%09
%0S
%0L
%09
%05
%0L
%09
%05

¥

1
1

1

Logistic regression 1u linear

AAg
WNHIH

XGBoost

Tl

=

9 o
Fa1u91

U

UaLaauny

hl
SVM 71 kernel 111w

7% Chi-square
PCA
1alan

chiuaNand Support Vector Machine

=K

=
UANBUUUN TI1NNTI

%
TAel

ARAINI T
v

v

iaa
flag9ann

Y
A

ATMNIUTDUNIN

Random Forest

3

ULLLULAN1ABY Logistic Regression

}
=

=
ARLARN

LR

val

Polynomial a1x1sntlsznaanalunisldniaeiisinge 1dm

TRel
b
Aulune

Toeld
da
TRV

o
U

LULRNABN

Decision Tree

=
TULR eI
ansniniireuinelesndiuuuanaedaus) 1ieann
YUIANATDNA

o
o

J

o

Y

nndsznau 98 aunudnsnalaan lunansau

=
U LA

¥

ANMFUNAANEN19A5190UVA188 Y
F1 score ANN7N4A Aa 100%

Performance metric of model with PCA technique

ANTNTNURILLAR

Support Vector Machine

v
£
A1

a
&

£
£

ALiluA1 F1 score |
v

Tuguas

fu 97

components (1N

ANTNIND

=
1
=

LULRTABIBU

al

Logistic Regression

o

a

model T9fAndN1Tn N9

a
o

Ansenau 97 1s

@
%

F1 score (%)

g
s

L9766 mmm— 00,
8L'66 mmmm— 0509
0G'66 s —— 00§
2266 mmmmm—— 50/
0266 m— 0509
/886 mmmmm—— 050G
26'86 mmmmm— 009
6L'86 mmmmm—— 060G
2916  wmm— 0/
GV L6 me— 0509
BY'86 mmmmm— 050
€9°/6 mmm—— 0509
6266 mmm—— 050G
V286 mmmmm—— 050/
87’86 mm—— 0509
VEL6  mm— 000G
2€'86 mmmmmmm— 050/
88/6 m— 0509
26'86 mmmmm— 050G
€EL6  mmm— 050,
GB'GH e — 009
€9°06  mmmmmm—— 050G
7666 mmmmm— 000,
L6606 mmmmm— 09
8866 m———— 040G
GL66 mm—— 0.
CL'66 mmm— 050G
€966 mmmm— 00
€9°66 m— 0509
TV'66 mm— 050G
0G'86 w050,
TL'86 . 0/509
6986 mmmm——— 005
00°00T w—— 050/
00°00T se— 0509
00'00T w0505
8866 m—— 040/
8866 e — 509
G666 m—— 050G
BY'86 mmmm— 00
29'86 mmmm— 0509
2686 mmmm— 00§
€L06 mm—— 0
TV'T6  w— 0509
BY'T6  mm— 00§
0€°06 mem—— 00/
1006 m—— 0509
€E06 e — 050G
Y0'88 m— 050,
0688 m— 009
06'88 s — 060G
9088 m—— 040/
1988  mmm— 009
2988 mmmm—— 050G
0678 w050/
GZ'G8  mmmm— 050G
o wn o Yo o
m ~ n N

XGBoost

43 PCA

cY
TAIE

Random Forest

Tpen1sarianliae

Decision Tree
LULAN AR

%
%

ANTNINUBILEIA

a

o
o

Support Vector Machine

Logistic Regression

Awisznay 9s s



120

Tnamnsnsananalasagillsn
n12ARAANNIRaFenemANA RFE Tdaruiuiiaasiiea 3 Niaas A A1 F1 score

szanne 99 % luanieimaila chi-square auauiaasng 5 Niaes 1A F1 score

szunnd 98 - 99 % @ n1gnnaalaan n1gAnaaniiaesaaamAlA RFE A14130AWYN

1 1
o o =

= ol Y o = v ! a . = a a
WinasndrAryeannalaeldauauiinefilesndinaiia chi-square uazitlss@nsning
IndAeriv
dl v a o = = ' v o .

waziieldmatianisAnaenWiaafuda LULA1a89 Decision tree kAT
Random Forest Hisz@nsninlunisdtuuniszinniianinign Inawindu 7 training size
= 60% Tnaldanuauiinesioangn wien 3 Wiaef Tnaldinalin RFE

o a a o ' o ¥ a o A = & )

AnuaNTialssAvEn nTetuLLaaedNiuns dimatian1sAnRenWiaa s dou

Tnny 9 F1 score szanns 99 % Bl awnsnagdlaan matianisBouiaeuasaaiunn

Auuniszinnueiia anauvinuyeediduacinsias

2. ULAUALUL

nuddstausni W diulgsuassenan lanssialili
dl a o d” ¥ Y =3 1 ¥ i a A =3 tdld o K

2.1 Wagannisaeilideyavedminanunasdayasunuae iuiandnistiunn

Tunilada The Audubon Society Field Guide to North American Mushrooms (1981) GRISIN
(=4 dl y a A dl | o [~ o :J/ =2 qol/ o

winfinu ludeaidnwmile Ganawnnseiuianialuilszmealne sajunisdnenasadnll
= = & v & o a A
aeprsinaiudayareamiannunelulssmalna s

2.2 n1gAnmafedaldenatigdaanunldlunisdeznaananan (Image

. py ° @ ] o P ° | =
processing) e ki lun1sauundseinmdin saudunislduuuanaesinsanetseanninay
(Neural Network) Wzalnatian1sizauiidsan (Deep learning techniques)

= 2// o a 1 ¥ v a di dl o v
2.3 MsAneAsainllavsiinsutiigedeyalneldinatindu Nvinldanisnacuan

ndqudayauudaziiaasliiviniu luusias training size iN@aNNINRIIRABLANNFFIU

Lo o . o & ° P o = af
ALAA training size WNUY LUUANABNNUTZANTNINATIL

=® 2’/ o = =® o dl QI a ¥ !
2.4 ﬂ’]’j‘ﬁﬂ‘tﬂﬂﬁ‘\‘mﬂiﬂﬂfliﬁ\lﬂ’]ﬁ‘ﬁﬂﬂﬁLLLI‘LI@’]ZQ@Q@‘LA”] YAPNIYZPN iﬂLLﬂ k-nearest
neighbors, Naive Bayes, VotingClassifier 138 AutoSklearnClassifier (LL‘]_I‘LIfﬁ’m@\iﬁﬁm?

UFUqumuuLIANaaduas hyperparameter NNz ANt 1965 1usT5)



UTTtUIUNTH

1. sUNA Huanysnl uay tunun duanysal Wieiy, asasindanssnlsanaiuna.
2564;31(2):73 - 81.

2. UN3H anNAdNY, ARANT AoeuA, SWATT B18XaA, NEEN wewatT waz ATinN Auzunu,
< = | 1 ' [ % o & 1 = o v o 61
WinATL: NANLILNNIEAU LIRTNENAREARTUTENANT LAZIIRTNEIRREERTLNY
I~ ] a o [ Y O o Ao [ &1 ¥ o o
@en. dauddanisandniilnld dninddanisaydniln lduasiugivg nsnanenu
weTnA Aedtln wasWuging 2559,

3. . Edible mushroom identification using machine learning. 2022 International Conference

on Computer Communication and Informatics (ICCCI); 2022.

o ¥ a2 @ A a = o o o dl
- WUNUI LLMﬂﬁ‘:ﬁLﬂﬁ‘ﬂ. Wi, TeaNuWlaEn 4. UATTEANA: mummﬁmnumuqmimw 5

N

UATINTANT NTNAANTIA NIENTWANTITULT; 2552,
5. wegan Taassal, &5unn WewAn uaz nigwa doyaun. Avng Avniae nsU R lunisaen
=3 dl dej v di 1 ¥ =3 a = =3
WinieLgeamnsiarnistguneunaiiesiy wethasalsalinfizaeadawio
2NNAATENINTUA AMIAQUATITENH. 1196193TINTIAB1T0URT. 2563;29(6):995 -

1005.

1% o & a

6. BYIEINTIOL LA, WA 49950UnNE, §aa91 WEWNILUW, wullvas waedaenn, aues

v A [ o=

AUNFAINA uazr U9 anadnid. TryTsanisnineaRuTNIN iR, 1. NG

o

zi"wﬁmmﬂwmLm‘]ﬂgﬁ@mngﬁu%mw (BNANITHUNTN); 2556. 374.

v awv a

 AuEREINg a01AseInenAmanfa1s1Iuga. Winwenues ulszmalne 2560.

~

8. AU uATUAYUNTAFINETNAINIW (444.). LSINA"ARE dums8TenTe
[Auaidin]. 2560 [N 22 .81, 2565]. 1nDglAann:

https://www.thaihealth.or.th/Content/36848-13 1N A“ AN S UAFIEIDNANE. html

9. dinaunauatiuayun IS IETNgINIW (844.). aUlssamuiuTaTaliail a1e
Wwiiaie [Bumediidn]. 2560 [WnDwde 22 n.a. 2565]. inneldann:

https://www.thaihealth.or.th/Content/39244 1wl sz uyizadainili %2084

I dinie”. htm
4
10. A1INIUNANUANLIAULNNIAFIETHATINN (A84.). unnEFausyIIiniY Neuliu-Te

1113981919 [Bumadiila]. 2561 [MDale 22 n.g. 2565]. ddelaaIn:


https://www.thaihealth.or.th/Content/36848-
https://www.thaihealth.or.th/Content/39244-

1.

12.

13.

14.

15.

16.

17.

18.

19.

122

htps://www.thaihealth.or.th/Content/4437 1 -unneiAause Juinne%20nauiu-1a

PRI LRI
NINALIANTIA NITNINANENIGT. NUTAREHEUATILTTIR [Bumafiin]. 2563 [N

e 22 .21, 2565]. |WnDeleann: https://www.brh.go.th/index.php/2019-02-27-04-12-

21/362-2020-10-05-00-56-27

a a 1 ::/ A 1
nevszunanen/neslsamnsieriall neuacuaNlsa. nsumuAnlsn Waullsvamulugog
¥ dgj o [ [3 A dg/ =3 1 o =3 a dl a aa v
wielull sxdnsedanisifuvretaintnunsutseniu anatly Wisne 1@eaidudnn e
[Aumafitn]. 2563 [MND9LHe 22 0.8, 2565]. Wnneleann:

https://ddc.moph.go.th/brc/news.php?news=14527

ANINUNBNUATLAYUNNIAFINETNATNN (A4F.). WLELNATIARRS To9mTiney
[RuUNaFIA]. 2563 [WNDaLNa 22 n.81. 2565]. 1WnDalaann:

https://www.thaihealth.or.th/AL3 AL AR NE-T9/

gindeansnanid@en nanAdLANTen. naNAdLANTEA LuaLNINeNNIRllsAY AU
A 1 IS IG ' nﬁp a o 1
23/2564 "AauLlszaTutaen g asliat Iuen N sINT AR WINKNAN N1
wiila laifan viseasdednaziuiaiy lladsfuvsetenilyaimsiulssniw
a & & v K dl ¥ K %
[Bumesitn]. 2564 [WnDwde 22 n.g. 2565]. WDslsann:

https://ddc.moph.go.th/brc/news.php?news=19111&deptcode=brc

naslsamnsiaiall nsnatuanlsa. saufEadisanaziagunin Fe ans.6 1017 AU
natwintanitlens enadu Wiaiy BeadeTinle [Bumedian]. 2565 (14D
\Ha 22 n.g1. 2565]. i nsldann:

https://ddc.moph.go.th/odpc6/news.php?news=27313&deptcode=odpc6

UCI MACHINE LEARNING. Mushroom classification [Internet]. 2016 [cited 2022 Sep

22]. Availble from: https://www.kaggle.com/datasets/uciml/mushroom-classification

Schlimmer J. Mushroom data set [Internet]. Machine Learning Repository; 1987 [cited

2022 Sep 22]. Available from: https://archive.ics.uci.edu/ml/datasets/Mushroom

Dua D, Graff C. Uci machine learning repository [Internet]. University of California,
Irvine, School of Information and Computer Sciences; 2017 [cited 2022 Sep 22].

Availble from: http://archive.ics.uci.edu/ml

Islam MD. Cultivation techniques of edible mushrooms: Agaricus bisporus, pleurotus


https://www.thaihealth.or.th/Content/44371-
https://www.brh.go.th/index.php/2019-02-27-04-12-21/362-2020-10-05-00-56-27
https://www.brh.go.th/index.php/2019-02-27-04-12-21/362-2020-10-05-00-56-27
https://ddc.moph.go.th/brc/news.php?news=14527
https://www.thaihealth.or.th/
https://ddc.moph.go.th/brc/news.php?news=19111&deptcode=brc
https://ddc.moph.go.th/odpc6/news.php?news=27313&deptcode=odpc6
https://www.kaggle.com/datasets/uciml/mushroom-classification
https://archive.ics.uci.edu/ml/datasets/Mushroom
http://archive.ics.uci.edu/ml

20.

21

22.

23.

24.

25.

26.

27.

28.

29.

123

spp., lentinula edodes and volvariella volvocea. 2015.
Preechasuk J, Chaowalit O, Pensiri F, Visutsak P. Image analysis of mushroom types
classification by convolution neural networks. Proceedings of the 2019 2nd

Artificial Intelligence and Cloud Computing Conference; Kobe, Japan. Association

for Computing Machinery; 2019. 82-8. https://doi.org/10.1145/3375959.3375982

. Denchev C, Denchev T, Polemis E, Venturella G, Gargano M, Zervakis G. General

aspects of mushroom fungi. [Internet]. 2013. 4-15. Availble from:

https://www.researchgate.net/publication/281625151 General Aspects of Mushro

om_Fungi

Ty UsAazinds. a5 19nnsEaufduiu ai aael python machine learning. NgawMne:
oL 2564,

Harrington P. Machine learning in action. New York: Manning Publications Co.; 2012.

Noparat N. §191NANFANAL N19EufiuLEsunias (reinforcement leaming)
[Bumnesifin]. Big Data Thailand: 2563 [indaiila 12 ;.. 2565]. Wndsldann:

https://bigdata.go.th/big-data-101/introduction-to-reinforcement-learning/

Agarwal D. Introduction to svm(support vector machine) along with python code
[Internet]. Data Science Blogathon; 2021 [cited 2022 Oct 12]. Availble from:

https://www.analyticsvidhya.com/blog/2021/04/insight-into-svm-support-vector-

machine-along-with-code/

Gupta P. Decision trees in machine learning [Internet]. Towards Data Science; 2017

[cited 2022 Nov 6]. Available from: https://towardsdatascience.com/decision-trees-

in-machine-learning-641b9c4e8052

Saini A. Decision tree algorithm — a complete guide. Data Science Blogathon; 2021
[cited 2022 Oct 12]. Availble from:

https://www.analyticsvidhya.com/blog/2021/08/decision-tree-algorithm/

What is a random forest? [Internet]. TIBCO Software Inc.; 2022 [cited 2022 Oct 12].

Availble from: https://www.tibco.com/reference-center/what-is-a-random-forest

mariajesusbigml. Introduction to boosted trees [Internet]. 2017. bigml; [cited 2022 Oct

12]. Available from: https://blog.bigml.com/2017/03/14/introduction-to-boosted-



https://doi.org/10.1145/3375959.3375982
https://www.researchgate.net/publication/281625151_General_Aspects_of_Mushroom_Fungi
https://www.researchgate.net/publication/281625151_General_Aspects_of_Mushroom_Fungi
https://bigdata.go.th/big-data-101/introduction-to-reinforcement-learning/
https://www.analyticsvidhya.com/blog/2021/04/insight-into-svm-support-vector-machine-along-with-code/
https://www.analyticsvidhya.com/blog/2021/04/insight-into-svm-support-vector-machine-along-with-code/
https://towardsdatascience.com/decision-trees-in-machine-learning-641b9c4e8052
https://towardsdatascience.com/decision-trees-in-machine-learning-641b9c4e8052
https://www.analyticsvidhya.com/blog/2021/08/decision-tree-algorithm/
https://www.tibco.com/reference-center/what-is-a-random-forest
https://blog.bigml.com/2017/03/14/introduction-to-boosted-trees/

30.

31.

32.

33.

34.

35.

36.

37.

38.

124

trees/

xgboost developers. Introduction to boosted trees [Internet]. 2021 [cited 2022 Sep 22].

Available from: https://xgboost.readthedocs.io/en/stable/tutorials/model.html

scikit-learn developers. Cross-validation: Evaluating estimator performance [Internet].
scikit-learn 1.1.2; [cited 2022 Oct 12]. Availble from: https://scikit-

learn.org/stable/modules/cross validation.html#cross-validation

Brownlee J. Train-test split for evaluating machine learning algorithms [Internet].
Machine Learning Mastery; 2020 [cited 2022 Oct 12]. Available from:

https://machinelearningmastery.com/train-test-split-for-evaluating-machine-

learning-algorithms/

Bronshtein A. Train/test split and cross validation in python [Internet]. Towards Data
Science; 2017 [cited 2022 Oct 12]. Available from:

https://towardsdatascience.com/train-test-split-and-cross-validation-in-python-

80b61becadbb

Joseph VR. Optimal ratio for data splitting. Statistical Analysis and Data Mining: The
ASA Data Science Journal. 2022;15(4):531-8.

Roy B. All about feature scaling [Internet]. Towards Data Science; 2020 [cited 2022

Oct 12]. Available from: https://towardsdatascience.com/all-about-feature-scaling-

bccOad75¢chb35
Brownlee J. How to scale data with outliers for machine learning [Internet]. Machine
Learning Mastery; 2020 [cited 2022 Oct 12]. Available from:

https://machinelearningmastery.com/robust-scaler-transforms-for-machine-

learning/

Marlaithong T, Thamjaroenporn P. WN152&NEN1Wa84 machine learning model Aael
hyperparameter optimization [BUNBFER]. 2564 [%uﬁwﬁ@ 12 B.A. 2565]. AUAL

/1N https://bigdata.go.th/big-data-101/machine-learning-model-hyperparameter-

optimization/
ES S, Bajaj A. Hyperparameter tuning in python: A complete guide [Internet]. 2022

[cited 2022 Oct 12]. Available from: https://neptune.ai/blog/hyperparameter-tuning-



https://blog.bigml.com/2017/03/14/introduction-to-boosted-trees/
https://xgboost.readthedocs.io/en/stable/tutorials/model.html
https://scikit-learn.org/stable/modules/cross_validation.html#cross-validation
https://scikit-learn.org/stable/modules/cross_validation.html#cross-validation
https://machinelearningmastery.com/train-test-split-for-evaluating-machine-learning-algorithms/
https://machinelearningmastery.com/train-test-split-for-evaluating-machine-learning-algorithms/
https://towardsdatascience.com/train-test-split-and-cross-validation-in-python-80b61beca4b6
https://towardsdatascience.com/train-test-split-and-cross-validation-in-python-80b61beca4b6
https://towardsdatascience.com/all-about-feature-scaling-bcc0ad75cb35
https://towardsdatascience.com/all-about-feature-scaling-bcc0ad75cb35
https://machinelearningmastery.com/robust-scaler-transforms-for-machine-learning/
https://machinelearningmastery.com/robust-scaler-transforms-for-machine-learning/
https://bigdata.go.th/big-data-101/machine-learning-model-hyperparameter-optimization/
https://bigdata.go.th/big-data-101/machine-learning-model-hyperparameter-optimization/
https://neptune.ai/blog/hyperparameter-tuning-in-python-complete-guide

39.

40.

41.

42.

43.

44,

45.

46.

47.

125

in-python-complete-guide

Madaan M. Hyperparameter tuning: Beginners tutorial [Internet]. Info Edge (India) Ltd;
2022 [cited 2022 Oct 12]. Availble from:

https://www.naukri.com/learning/articles/hyperparameter-tuning-beginners-

tutorial/#hyper

Verma V. A comprehensive guide to feature selection using wrapper methods in
python [Internet]. Data Science Blogathon; 2020 [cited 2022 Oct 12]. Available

from: https://www.analyticsvidhya.com/blog/2020/10/a-comprehensive-guide-to-

feature-selection-using-wrapper-methods-in-python/

Saeys Y, Inza |, Larrafiaga P. A review of feature selection techniques in bioinformatics.
Bioinformatics. 2007;23(19):2507-17. eng. 2007/08/28.

Hira ZM, Gillies DF. A review of feature selection and feature extraction methods
applied on microarray data. Advances in Bioinformatics. 2015;2015:1-13.

Brownlee J. How to choose a feature selection method for machine learning [Internet].
Machine Learning Mastery; 2020 [cited 2022 Oct 12]. Available from:

https://machinelearningmastery.com/feature-selection-with-real-and-categorical-

data/

Alkronz ES, Moghayer KA, Meimeh M, Gazzaz M, Abu-Nasser BS, Abu-Naser SS.
Prediction of whether mushroom is edible or poisonous using back-propagation
neural network. International Journal of Academic and Applied Research (IJAAR).
2019;3(2):1-8.

Hamonangan R, Saputro MB, Bagus C, Dinata S, Atmaja K. Accuracy of classification
poisonous or edible of mushroom using naive bayes and k-nearest neighbors.
Journal of Soft Computing Exploration (JOSCEX). 2021;2(1):53-60.

Tutuncu K, Cinar |, Kursun R, Koklu M. Edible and poisonous mushrooms classification
by machine learning algorithms 2021 10th Mediterranean conference on
embedded computing (MECO); Budva, Montenegro. IEEE; 2021.

Tarawneh O, Tarawneh M, Sharrab Y, Altarawneh M. Mushroom classification using

machine-learning techniques. International Computer Sciences and Informatics


https://neptune.ai/blog/hyperparameter-tuning-in-python-complete-guide
https://www.naukri.com/learning/articles/hyperparameter-tuning-beginners-tutorial/#hyper
https://www.naukri.com/learning/articles/hyperparameter-tuning-beginners-tutorial/#hyper
https://www.analyticsvidhya.com/blog/2020/10/a-comprehensive-guide-to-feature-selection-using-wrapper-methods-in-python/
https://www.analyticsvidhya.com/blog/2020/10/a-comprehensive-guide-to-feature-selection-using-wrapper-methods-in-python/
https://machinelearningmastery.com/feature-selection-with-real-and-categorical-data/
https://machinelearningmastery.com/feature-selection-with-real-and-categorical-data/

48

49

50

51

52

53

54

55

56

126

Conference (ICSIC-2022); Amman arab university, Jordan. 2022.

. . Behavioural features for mushroom classification. 2018 IEEE Symposium on
Computer Applications & Industrial Electronics (ISCAIE); 2018.

. Verma S, Dutta M. Mushroom classification using ann and anfis algorithm. IOSR
Journal of Engineering (IOSRJEN). 2018;08(01):26-32.

. Tank K. A comparative study on mushroom classification using supervised machine
learning algorithms. International Journal of Trend in Scientific Research and
Development (IJTSRD). 2021;5(5):716-23.

. Vanitha V, Ahil MN, Rajathi N. Classification of mushrooms to detect their edibility
based on key attributes. Bioscience Biotechnology Research Communications.
2020;13(11):37-41.

.. Performance comparison of mushroom types classification using k-nearest neighbor
method and decision tree method. 2020 3rd International Conference on
Information and Communications Technology (ICOIACT); 2020: IEEE.

. Agrawal SK. Metrics to evaluate your classification model to take the right decisions
[Internet]. Analytics Vidhya; 2021 [cited 2022 Oct 12]. Available from:

https://www.analyticsvidhya.com/blog/2021/07/metrics-to-evaluate-your-

classification-model-to-take-the-right-decisions/

. Narkhede S. Understanding auc - roc curve [Internet]. 2018 [cited 2022 Oct 12].

Available from: https://towardsdatascience.com/understanding-auc-roc-curve-

68b2303cc9ch
. scikit-learn developers. Sklearn.Metrics.Roccurvedisplay [Internet]. scikit-learn 1.1.2;
[cited 2022 Oct 12]. Available from: https://scikit-

learn.org/stable/modules/generated/sklearn.metrics.RocCurveDisplay.html

. Streamlit documentation [Internet]. Streamlit Inc.; 2023 [cited 2023 Feb 15]. Available

from: https://docs.streamlit.io/



https://www.analyticsvidhya.com/blog/2021/07/metrics-to-evaluate-your-classification-model-to-take-the-right-decisions/
https://www.analyticsvidhya.com/blog/2021/07/metrics-to-evaluate-your-classification-model-to-take-the-right-decisions/
https://towardsdatascience.com/understanding-auc-roc-curve-68b2303cc9c5
https://towardsdatascience.com/understanding-auc-roc-curve-68b2303cc9c5
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.RocCurveDisplay.html
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.RocCurveDisplay.html
https://docs.streamlit.io/







	บทคัดย่อภาษาไทย
	บทคัดย่อภาษาอังกฤษ
	กิตติกรรมประกาศ
	สารบัญ
	สารบัญตาราง
	สารบัญรูปภาพ
	บทที่ 1  บทนำ
	1. ภูมิหลัง
	2. ความมุ่งหมายของงานวิจัย
	3. ความสำคัญของการวิจัย
	4. ขอบเขตของการวิจัย
	ชุดข้อมูลที่ใช้ในการวิจัย
	รายละเอียดของชุดข้อมูล
	ตัวแปรที่ศึกษา

	5. กรอบแนวคิดในงานวิจัย
	6. สมมติฐานในการวิจัย

	บทที่ 2  ทบทวนวรรณกรรม
	1. ข้อมูลสัณฐานวิทยา (Morphology) และคุณลักษณะประจำตัวของเห็ดครีบ
	2. เทคนิคการเรียนรู้ของเครื่อง (Machine Learning Techniques)
	3. แบบจำลองอัลกอริธึมที่ใช้ในเทคนิคการเรียนรู้ของเครื่องที่ใช้ในงานวิจัย
	4. การแบ่งชุดข้อมูลสำหรับการทดสอบประสิทธิภาพของแบบจำลอง
	5. การปรับช่วงขอบเขตของฟีเจอร์ (Feature scaling)
	6. การปรับค่าพารามิเตอร์ (Hyperparameter Tuning)
	7. การคัดเลือกฟีเจอร์และการสกัดฟีเจอร์ (Feature Selection and Feature Extraction)
	8. งานวิจัยที่เกี่ยวข้อง

	บทที่ 3  วิธีดำเนินการวิจัย
	1. ชุดข้อมูลและการแบ่งชุดข้อมูล
	2. การออกแบบวิธีการดำเนินงานวิจัย
	3. การประมวลผลและการวิเคราะห์ข้อมูล
	4. การสร้างแบบจำลอง และประเมินประสิทธิภาพแบบจำลอง
	5. การพัฒนาแบบจำลองเป็นเว็บแอปพลิเคชัน

	บทที่ 4  ผลการศึกษา
	1. ผลลัพธ์ของการสร้างแบบจำลองโดยใช้ข้อมูลคุณลักษณะทั้งหมดของเห็ดครีบจากชุดข้อมูล
	2. ผลลัพธ์ของการสร้างแบบจำลองโดยใช้ฟีเจอร์ที่ได้จากการคัดเลือกด้วยวิธี Recursive Feature Elimination
	3. ผลลัพธ์ของการสร้างแบบจำลองโดยใช้ฟีเจอร์ที่ได้จากการคัดเลือกด้วยวิธี chi-square
	4. ผลลัพธ์ของการสร้างแบบจำลองโดยใช้เทคนิคการสกัดฟีเจอร์ด้วยวิธี Principal Component Analysis (PCA)

	บทที่ 5 สรุป อภิปรายผล และข้อเสนอแนะ
	1. สรุปผลการวิจัย และอภิปรายผล
	2. ข้อเสนอแนะ

	บรรณานุกรม
	ประวัติผู้เขียน

