2023 3™ Proceeding of the Data Science Conference

° < 1 ] da a A v a a [ o
ﬂ']ﬁ'i]']LLuﬂ‘UﬁgLﬂ'Vl?la\‘]LWﬂiSW?qQLWﬂﬁJWWW3ﬂlﬁJ&|WU IﬂﬂSL‘UWIﬂUﬂﬂ']ﬁlﬁf]u:é“ﬂa%ﬂﬁﬂ\‘]

AsUINS DeUTATAIN', 351050 FYTUUN

UNANED
< an Y & Ao v 2 daa o 2 a v o9 Y a &
WinnusTsNRInaiansuUseuliuasianiiiy wnausuusemuiaiwdluibiineinisdulisuas
fauntiald dsludddimaiiamsseuiveneseunldlumsduwundssinnveuinssninuiniiviaziiafisuuseniuld
Taglguuudnans 5 uuud1aes laun Logistic regression, SVM, Decision tree, Random Forest Wag XGBoost $2uAU

s o

mslmailansAndenuazaniniliaes ieruniiesndrfyiaunsavsvendseianveadiald lagnanisAnwInun
N19L7ULUUT1a09 Decision tree Nlgnaila Recursive Feature Elimination (RFE) Tun1sAataaniliaeslaely training
size WU 60% warldHiaesiiies 3 Maaslawn nduvewiia (odor) vurnAsULTa (gill size) Lazdsosiunialos

(spore_print_color) finnumsnzauiigalaels F1 score Wity 99.32% Faluaadilalasisiunuuivweundiadu

AdAey : nsTwunUssianiie, maliansiSeuivennies, n1sdadenilives, msadnfiaes, Vuueundindu

! vdnansinenmansumndadin aineinisdeya Angivendans uninerdersuaiunsilsa ngemne 10110
? Az AneAans innine duasuAsuNTIlsw N3 10110

* Corresponding author:Tel.: 087-9780903 E-mail address: phiromporn.tia@g.swu.ac.th

MSDS CS SWU @2023 95



2023 3™ Proceeding of the Data Science Conference

Mushroom Classification between Poisonous and Edible Mushrooms

using Machine Learning Techniques
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Abstract

In nature, there are both edible and poisonous mushrooms. Consuming poisonous mushrooms can
cause illness and even death. Therefore, machine learning techniques have been employed to classify
mushrooms into poisonous and edible types using five models: Logistic Regression, SVM, Decision Tree, Random
Forest, and XGBoost. Feature selection and extraction techniques were used to identify important features that
can indicate mushroom types. The study found that using the Decision Tree model with Recursive Feature
Elimination (RFE) technique and a training size of 60%, with only 3 features: odor, gill size, and spore print color,
yielded the best results with an F1 score of 99.32%. The model was then used to build a prototype web

application.
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Figure 1 Experimental design
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Mushrooms (1981) [7] Inegadoyausznaudefauds 23 aodini 1¥ud Avandin (cap_color), dnwaigiiufiuumain

= @
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Snwaszsndidanefunen (stalk root), Anardnvazvesiufiniunenusinamidonumu uasusuafiua1wes
WU (stalk color above ring stalk color below ring, stalk surface above ring wag stalk surface below ring),
ﬂizmm?jaﬁmamﬁmﬁwu (veil_type), ﬁmauﬁlaﬁﬁ:mamﬁm (veil_color), §1UAUIIUAIUVBLTAA (ring_number),
5U91999939UmU (ring_type), S8t vULTia (bruise), nduveuifin (odor), Asesfinviaves (spore_print_color),
manznguiuuesiin (population), Uinaiinueidiniiuln (habitat) wasUszinnueadin (class_ep) Fam1519 1

Table 1 Mushroom dataset

Variables (Abbreviation) Possibilities
cap_color (CCO) brown, buff, cinnamon, gray, green, pink, purple, red, white, yellow
cap_surface (CSUV) fibrous, grooves, scaly, smooth
cap_shape (CSH) bell, conical, convex, flat, knobbed, sunken
gill_color (GCO) black, brown, buff, chocolate, gray, green, orange, pink, purple, red, white, yellow
gill_attachment (GAT) attached, descending, free, notched
gill_spacing (GSP) close, crowded, distant
gill_size (GSI) broad, narrow
stalk_shape (SSH) enlarging, tapering
stalk_root (SRO) bulbous, club, cup, equal, rhizomorphs, rooted, missing
stalk_color_above_ring (SCA) brown, buff, cinnamon, gray, orange, pink, red, white, yellow

stalk_color_below ring (SCB)

stalk_surface_above_ring (SSA) fibrous, scaly, silky, smooth

stalk_surface_below _ring (SSB)

veil_type (VTY) partial, universal

veil_color (VCO) brown, orange, white, yellow

ring_number (RNU) none, one, two

ring_type (RTY) cobwebby, evanescent, flaring, large, none, pendant, sheathing, zone
bruise (BRU) bruises, no

odor (ODO) almond, anise, creosote, fishy, foul, musty, none, pungent, spicy
spore_print_color (SPC) black, brown, buff, chocolate, green, orange, purple, white, yellow
population (POP) abundant, clustered, numerous, scattered, several, solitary

habitat (HAB) grasses, leaves, meadows, paths, urban, waste, woods

class_ep (CEP) edible, poisonous
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Figure 2 Correlation between features of mushroom data in ordinal type
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\Antuluusiag training size ¥luuudans Decision tree #il4 training size AunnstsfuiFsusldntaiu daudn 3
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Figure 3 Performance metric (F1 score) of model using 20 features

Table 2 Parameters of Each model

Model Training size Parameters
Logistic Regression Al solver = 'newton-cg', penalty = 'none', C = 22.456734693877554
SVM All kernel= 'poly’, gamma = 5.0, degree=3.6666666666666665,

C=73.68684210526315

Decision tree 50% min_samples_split = 15, max_leaf nodes = 46, max_features = 'sqrt’,

max_depth = 30

60%, 70% min_samples_split = 9, max_leaf nodes = 35, max_features = 'log2,

max_depth = 21

Random Forest 50% n_estimators= 300, min_samples_split = 71, max_leaf nodes = 57,

max_features = 'log2', max_depth =52

60%, 70% n_estimators= 300, min_samples_split = 52, max_leaf nodes = 43,

max_features = 'log2', max_depth =85

XGBoost 50%, 60% n_estimators=300, subsample = 0.5, min_child_weight= 1, max_depth= 3,
learning rate= 0.22749999999999998, colsample bytree= 1

70% n_estimators= 300, subsample = 1, min_child_weight= 10, max_depth= 4,

learning_rate= 0.3, colsample_bytree= 1

MSDS CS SWU @2023 101



2023 3™ Proceeding of the Data Science Conference

3.3 NaaNsINNISAALRINNIRDS
NAlAYTINYBINIADUNATANUIMUUTIADY Logistic Regression HUTEANEANTLRINIILUUTA0IDU Uagd sy

a a =

wialla RFE WU kuudnassdiulugiiuss@nsnngs druuuudiany XGBoost 1 training size windu 70% waz 14

o

$rurufiiaesvindu 3 Tiuszansania ﬁqmiumﬁmmﬁgwm FanuirTeesilddudeudisuandieain
wuuaesduiildsuuiinesvindu (wihiu 3) Ae lunudndenilinesie nduvedia (ODO) wie Asesfiuniaves (SPC)
wldlumsuszanana Tnsanunsouansdeyaihaosldlunsed 4 uiinede RRE Sidesfntuuuusaesdlaffteifunis
w1 Feature importance w38f1 coefficient 8819 SYM 71 kernel 4w “polynomial” wenandnuituuusiaes
Decision tree wag Random Forest §luszansamindifesiy Tnsanizfistuiuiiaeswinfu 3 nuiduszansam
whiulumn training size

dleissuiisunadnssewiamedia Chissquare fumaila RFE shnuiiisusuiiinedtess msldiaila RFE
fusvavisnmiind 1ilesann RFE WumedafidamannisSeudlunsaauuudiass Tuvaei Chissquare lumaia
fifaidonfiaesnowdnguuudiaes Fsnnsiluguil 4 widldifaesiviiu 3 vesmng training size Hu n19ldinada
RFE vl F1 score vaauuusansanulnaiidnunnnit 99% luvadinisléimadn chi-square th wuusiaossineg dian

F1 score Weeni1 90% llesniliaesiignandonlunsazimadiatuiniuuwand1aiy duandlunisied 3-4
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dmugui 5 Tnslunsazesdusznovvesilnesluusazaoulnuuuy faesidanduuin Endes) wainduiliaesad
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Table 3 Feature names of feature selection (Chi-square)

No. of features Model Training size | Feature names (as Abbreviation)
3 All Al GSI, BRU, GSP
Al Al GSI, BRU, GSP, SPC, RTY
7 Al Al GSl, BRU, GSP, SPC, RTY, GCO, CSU
9 Al Al GSI, BRU, GSP, SPC, RTY, GCO, CSU, POP, SCA
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Table 4 Feature names of feature selection (RFE)

No. of features Model Training size Feature names (as Abbreviation)
Logistic regression All
VCO, RNU, SPC
50%, 60%
XGBoost
70% SSH, VCO, RNU
3
Random Forest All
ODO, GSI, SPC
50%, 60%
Decision tree
70% ODO, SPC, POP
Logistic regression All BRU, GSP, VCO, RNU, SPC
50%, 60% ODO, GSI, VCO, RNU,SPC
XGBoost
70% GSP, SSH, VCO, RNU, SPC
5 Random Forest All ODO, GSI, RTY, SPC, POP
50% ODO, SPC, SCB, POP, HAB
Decision tree 60% CCO, ODO, GSI, SPC, POP
70% ODO, GSP, GSI, SCA, HAB
Logistic regression All BRU, GSP, SSA, VCO, RTY, RNU, SPC
50% ODO, GSP, GSI, VCO, RNU, SPC, POP
XGBoost 60% ODO, GSP, GSI, SSA, VCO, RNU, SPC
70% ODO, GSP, GSI, SSH, VCO, RNU, SPC
7
Random Forest All BRU, ODO, GSP, GSI, RTY, SPC, POP
50% BRU, ODO, GSI, SSA, SSB, RTY, SPC
Decision tree 60% BRU, ODO, GSI, SSB, SCB, SPC, POP
70% ODO, GSP, GSI, SCA, RTY, SPC, POP
Logistic regression All CSU, BRU, GSP, GSI, SSA, VCO, RTY, RNU, SPC
50%, 60% ODO, GSP, POP, SSA, VCO, SSB, GSI, RNU, SPC
XGBoost
70% CSU, ODO, GSI, GSP, SSH, VCO, RNU, SPC, POP
50%, 60% BRU, ODO, GSP, GSI, RTY, SSA, SSB, SPC, POP
9 Random Forest
70% BRU, ODO, GSP, GSI, RTY, SSB, HAB, SPC, POP
50% BRU, GSP, GSI, SSH, HAB, SSB, SCB, SPC, POP
Decision tree 60% ODO, SSH, HAB, SSB, SCA, RTY, RNU, SPC, POP
70% BRU, ODO, GSP, GSI, SSH, HAB, RTY, SPC, SCA
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Figure 4 Performance metric of model: (A) Feature selection (RFE), (B) Feature selection (chi-square) and

(C) Feature extraction (PCA
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Figure 5 Component Loading of PCA technique in each n_components and training size: (A) n_components = 3

of all training size, (B) n_components = 5 of all training size, (C) n_components = 7 of all training size,

n_components = 9 of training size =
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3.5 AMMSHAIIRULUULIVLBUNALATY
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Figure 6 Example of prototype of web application
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