eSS RSN

B4 42>1 108034536



-~ #ap

K .’rﬁjé:iﬁ'lé‘_"f TR RME G o ILLL— BB RENE A B S JTs
v it AR g TR AL € foip 2 o f‘u TR TAOLEN R
o R ETHS g BRI e g B o A e frﬁ iﬁlF\ KT ARG <R
fiﬁg‘ﬂtﬁiﬁﬂ%ﬁ%‘?‘ﬁﬁﬁié*p—ﬁ;ﬁﬂ“’fvdf’ AT i 4 %ﬁf‘ #®E
BV EREY RIFREL g o2 F 2 L #i;ﬁﬁb:}s 5132%5‘3‘4 ZF I enfd
@FF o RDPLI FAE R LI R FROREEFEHR > RS
FAPhEY % o

N

A3 2 2 T & P~ p UCI Machine Learning Repository 3k > # ¥ & 244

B EH S RARE SR AT RRE2AFK (LA -T4=2) 2 -
Rl s ——fE gk (0-20 4 )0 F b TS 1044 £ TR > Adp2
80% ~ 20%2 vt b~ Z VR EFoREE (LB - )o@ d 2 A F SRiEsEY B F
Mo ok 5 3 R R TAER] 0 @ % SVM - MLP ~ DNN * Naive Bayes éhg % 3%
A AT FI AL BTRIE LGS Z T AFBANEFFR (Lde )

. o A2 1 2% (2%1-4/10-20 4 ) &7 2 (&% 5/10 » 117 )

2. IBER E2ATEHF (AE%5 16204 - BE%EZ 14-164 ~C%E

Bi 12-13 2 ~D &5 10-11 » ~F &% 5 0-9 4)

\"V
B

fon

P g it (1)

Attribute Description (Domain)

sex student’s sex (binary: female or male)

age student’s age (numeric: from 15 to 22)

school student’s school (binary: Gabriel Pereira or Mousinho da Silveira)

address student’s home address type (binary: urban or rural)

Pstatus parent’s cohabitation status (binary: living together or apart)

Medu mother’s education (numerie: from 0 to 4%)

Mjob mother’s job (nominal®)

Fedu father’s education (numerie: from 0 to 4%)

Fjob father’s job (nominal®)

guardian  student’s guardian (nominal: mother, father or other)

famsize family size (binary: <3 or > 3)

famrel quality of family relationships (numeric: from 1 — very bad to 5 — excellent)

reason reason to choose this school (nominal: close to home, school reputation, course preference or other)
traveltime home to school travel time (numeric: 1~ < 15 min., 2 ~ 15 to 30 min., 3 ~ 30 min. to 1 hour

or 4 — > 1 hour).
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studytime weekly study time (numerie: 1 — < 2 hours, 2 — 2 to 5 hours, 3 — 5 to 10 hours or 4 — > 10 hours)
failures number of past class failures (numeric: n if 1 < n < 3, else 4)
schoolsup  extra educational school support (binary: yes or no)
famsup family educational support (binary: yes or no)
activities extra-curricular activities (binary: yes or no)
paidclass extra paid classes (binary: yes or no)
internet Internet access at home (binary: yes or no)
nursery altended nursery school (binary: yes or no)
higher wants to take higher education (binary: yes or no)
romantic  with a romantic relationship (binary: yes or no)
freetime free time after school (numeric: from 1 — very low to 5 — very high)
goout going out with friends (numerie: from 1 - very low to 5 — very high)
Walc weekend aleohol consumption (numerie: from 1 — very low to 5 — very high)
Dale workday aleohol consumption (numerie: from 1 - very low to 5 - very high)
health current health status (numerie: from 1 very bad to 5 - very good)
absences number of school absences (numeric: from 0 to 93)
G1 first period grade (numerie: from 0 to 20)
Lz AT R
8ex age address  famsize  Pstatus Medu Fedu Mjob Fiob [E3501 guardian  travellime studytime failures  schoolsup famsu
F 18U GT3 & 4 4 at_home teacher  course maother 2 2 0 ves no
F 17U GT2 T 1 1 at_home other course father 1 2 O no ves
F 15U LE3 T 1 1 at_home other other maother 1 2 3 ves no
F 15U GT3 T 4 2 health services  home mother 1 3 0O no ves
F leu GT3 T 3 3 other other home father 1 2 0 no yes
&) 16u LE3 T 4 3 services  other reputation mother 1 2 0Ono ves
M leu LE3 T 2z 2 other other home mother 1 2 O no no
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Number transactions X_train dataset: (1178, 29)
Number transactions y_train dataset: (1178,)
Number transactions X_test dataset: (325, 29)
Number transactions y_ test dataset: (325,)
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df = pd.read_csv( ' 'student.csv’)
print{df.head)
print("Any missing sample in training set:",df.isnull().values.any())#¥EEGFEiERE

[1844 rows x 38 columns]>
Any missing sample in training set: False
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df = pd.read_csv("student_initial.csv")

df.columns = ['sex",'age’, 'address’, 'famsize', 'Pstatus’,’'Medu’,'Fedu’, 'Mjob’,'Fjob", 're
from sklearn.preprocessing import LabelEncoder

labelencoder = LabelEncoder()

df[ 'sex’]= labelencoder.fit_transform(df[ 'sex"])

df[ 'address']= labelencoder.fit_transform(df[ address’'])

df[ 'famsize']= labelencoder.fit_transform(df['famsize'])

sex age address tamsize Pstatus ... Dalc Walc health absences
] @ 13 1 ] ] 1 1 3 6
1 @ 17 1 ] 1 1 1 3 4
2 @ 15 1 1 1 2 3 3 le
3 @ 15 1 ] 1 1 1 5 2
4 8 16 1 ] 1 1 2 5 4
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Before OverSampling, counts of label "1': [71]

Before OverSampling, counts of label "2°: [134]
Before OverSampling, counts of label "3": [183]
Before OverSampling, counts of label "4°: [213]
Before OverSampling, counts of label °5°: [234]
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Before OverSampling, counts of label "1°: [681]
Before OverSampling, counts of label "@': [234]
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score class histogram
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from imblearn.over sampling import SMOTE
sm = SMOTE{random_state=2)
X _train_res, y_train_res = sm.fit _sample(X_train, y train.ravel())

B~ ~ SMOTE #2.5% 7%

(z) HFHciREi

FrF LSRR L E R AR DR > b4 KNN - 5 #H A e e 7
ZEF S BRI R B AN B F R RO R E & ot 0 (7
ﬂﬁ%%ﬁgwﬁ’&ﬁﬁﬁtéﬁﬁﬁ%ﬁﬂoﬁﬁ%ﬁﬂiﬁﬁﬁﬁ
FLER Gl RTAT - FRFEP 5T F LR HRT R
o BEUEBHER -

FALh> 20 2Bkt ELRM o A HREL o Aptdpsd
APgr ol kot BRRS S RFREVGIERE[CLIIRR? O

() HFHER

GASER Y LG BIEARS 2 MR LR AR A e
BT G D s AT - RER S HokkF A §TH(LRL) - 7
peA SR A R UE S BH(ExtRa Trees)iE (7 H AciE B> E45 29 B Y £
BAYA 035 F 0 G F i T R TR A(L RS
REFM PR Y% > URIEREA L 5 HFE -



Classifier performance
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# WESTEEE
params_grid = [{'kernel': ["rbf'], 'gamma’: [le-3, 1le-4],
‘c': [1, 1@, 180, 1000]},
{'kernel’: ['linear'], 'C": [1, 1@, 160, 1l@60]}]

svm_model = GridSearchCV(SVC(), params_grid, cv=5)
svm_model . fit (¥ _train,y train)

print{'Best score for training data:', swvm_model.best score_,"\n")

# BT EAEEL AR

print{ 'Best C:",svm_model.best estimator_.C,"%n")
print{'Best Kernel:',svm_model.best_estimator_.kernel,"\n")
print{'Best Gamma:',svm_model.best estimator_.gamma,"‘n")

final_model = svm_model.best_estimator_
y_pred = final model.predict(X_test)
print{confusion_matrix(y_test,y pred))
print("\n™)
print({classification_report(y_test,y_pred))

print{“Training set score for SVM: %f" % final model.score(X_train , y train))
print{“Testing set score for SVM: %f" % final model.score(X_test, y test ))

svm_model.score
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clf = MLPClassifier(hidden_layer_sizes=(21,58), max_iter=1808,activation = 'relu’,solver="adam',random_state=1)
clf.fit(X_train, y_train)

print (clf.n_layers_)

print{“Accuracy of MLPClassifier : """, clf.score(X_test,y_test))
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model = Sequential()

model.add(Dense(78, input_dim=29, activation='relu'))
model.add(Dense(38, activation="relu’)})

model . add (Dropout(8.5))

model.add(Dense(18, activation="relu’)})

model .add (Dense(18, activation="relu'))
model.add(Dense(l, activation="sigmoid'))
print{model.summary())



model.compile(loss="binary crossentropy’,
optimizer="adam”,
metrics=[ 'accuracy'])
train_history=model.fit(X_train_res, y train_res,batch size=1060,
epochs=38,verbose=2,
validation split=08.1)
scores = model.evaluate(X test, y test, verbose=1)
print{"Accuracy:",scores[1])
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#32rERYE HL Bl
model = GaussianMB()
model.fit(X _train, y_train)

#THHEER
y_pred = model.predict(X test)
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SVM MLP DNN Naive Bayes
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