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a3 ZELLtering/Stomwor

J

84 def stopword removal(tweet):

45 pkg_stopwords = stopwards.words( ' indonesian’, ‘english’)

86 more_stopwords = |

87 yo', ‘utk’, ‘cuman’, ‘deh’, ‘btw', ‘gua‘, ‘gue’'; ‘gw', ‘lo*, 'W’,

ae kalo', ‘trs', “Jd', ‘nth’, 'ntar', ‘nya’, ‘lg', ‘ok', ‘ecusll', ‘dpt’,
1] dr', ‘'kpn', 'kok', ‘kyk’, ‘donk', ‘dong’', ‘'yah', ‘u', ‘ya’, 'km‘, ‘eh‘',
9% sth', ‘eh*, 'bang’, ‘br', 'rp', “Jt', ‘kan’', ‘gpp’', 'sm’, ‘usah’,

91 mas', ‘sob’, ‘thx', ‘ate’, 'Jg', ‘wkwk', ‘mak', ‘haha',' Ly', ‘k*,

922 tp', ‘hahaha’, ‘dg‘', ‘Ori”, ‘duh’, ‘ye', ‘wkwkwk', ‘syg‘, ‘btw’,

93 gaes', ‘guys', 'moga‘’, ‘kmrn’', ‘nemu', ‘yuk', ‘yukk', ‘yukkk',

94 ‘klas’, '(w', 'ew', ‘lho*, 'loh’, 'sbory', 'org’', ‘gtu’, ‘bwt',

05 klrga', ‘clau', ‘1bh', ‘cpet', ‘ku', 'wke*, ‘mba‘, 'mas’, ‘sdh’', ‘kmrn‘,
26 ol', 'spt*, 'dim’, 'hs’', ‘krn’', ‘sapa‘’, ‘spt', ‘sh’', ‘wakakaka', ‘wakaksk',
97 sihh', "sibhhh', "hehe', "hehehe', "(h', "dgn', "la‘, 'kil', ' o 'mana’, "kmna', "kmn',
98 tuh', ‘dah’, 'kek‘, ‘ko‘, ‘pls‘, ‘bbrp‘, ‘pd', ‘mah’', ‘dhhh’', ‘dhh*', ‘dh’,
99 kpd', ‘tuh’, ‘kzl', ‘sbl’', ‘byr', ‘byar’', ‘sti', ‘si', ‘c&a', ‘cmn’, 'Sy', ‘hshahaha', 'weh®,
160 dlu’, “tuh’, "nah’, 'maahhn’', ‘nahh’

m |

192 tiltering = more_stopwords + pkg stopwords

143 x =[]

104 data = [)

165 def myFunc(x):

106 Af x {n filtering:

107 return False

198 else:

109 return True

110 fit = filter(myFunc, tweet)

111 for x \n fit:

112 Uata.append(x)

113 return data

114 datal ‘twoet’] = datal'tweat '], apply(stopword removal)

115

116 Stonming

17 def stemming(tweat):

118 factory = Stemserfactory()

119 stemmer = factory.create_stemmer()

120 do=[]

121

122 for w \n tweet:

123 dt = stemer,sten(w)

124 do.append(dt)

25

136 d_clean=([]

127 d_clean= " “,join(do)

128 print(d clean)

129 return d_clean

136

131 datal‘tweet’] = datal'tweet'].apply(stemming)

132

133 return data
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1 import matk
2 import par

import numpy as
tiid ]
for ke
for
1) lenl
return
def dfid . d ):
it i}
at in
in
f term in ka wSpLLLLD
it 1 ie
1 | 4=2
alse:
f I =1
else
if not in df d
| J =
return 1
def idf{df £, d ¥
at {}
for in df dicts
) = math.Logl leni Widl_dictlkatal+1h)
if[kata] = hitung
return _Ldf
def tfidf{
for ir
for
1 flil
kulasi, 4)
return
i7 def tfidf_prosesidata, d =[], idf_t ={}):

1
if == f§
=[]
for i in datal” twe 1
for in iz
T 1 nEC in ¢ TEH
emua.append( j )
= t(o
if{d
if ] = {}:
| fld t. ]
else
dfl ]

ata = pd,DataFrame| hasil)

if n==i:
f_data.jein{datal’ Label"])
3 di )
return f . ] |
else:
return

SPLAED)
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Lampiran 3. Script Program Algoritma Naive Bayes
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L LR
1 impert numpy as np
%
3 class MultiNE:
4 def init__f{self,alpha=1):
5 self.alpha = alpha
B
7 def _prior(self): & CHECKED
8 P = np.zeros({self.n_classes_))
] , self.dist = np.uniquelself.y,return_counts=True}
18 for i in rangelself.classes_.shape[0]):
11 PIL] = self.dist[i] / self.n_samples
12 return P
13
14 def fit{self, X, y)i # (HECKED, matches with skiearn
15 self.y = y
16 self.n_samples, self.n_features = X.shape
17 self.classes_ = np.uniquely)
18 self.n_classes_ = self.classes_.shape|[0]
19 self.class priors_ = self. prior{)
28 # dist t values in each features
21 self.uniques = []
2% far 1 in rangelself.n_features):
23 tmp = np.unigue(X[:,1])
24 self.unigues.appendl tmp }
25 self.N_yi = np.zeros{(self.n_classes_, self.n_features)) & feature co
26 self.M_y = np,zeros({self.n_classes_))} # rotal cownt
27 for i Ln self.classes_: # x axis
28 indices = np.argwhere(self.y==i).flatten{)
29 columnwise_sum = []
38 for j in rangelself.n_features): # y axis
31 columnwise sum.append(np.sum{X[indices,;jl)}}
32 self .M yili] = columnwise sum # 24
33 soelf.N_y[i] = np.sum{columnwise_sum) # 1d
34 return self
35
36 def _theta{self, x_i, 1, h):
37 Wyl = self.N_yi[h,i]
38 Ny = self.N_y[h]
29 numerator = Nyl + self.alpha
48 dencminator = Ny + (self.alpha # self.n_features)
41 return {numerator / denominatorpw=x_i
42
43 def _likelyhood{self, x, h)
44 tmp = []
45 far 1 Ln rangelx.shape[@]):
46 tmp.append| self._thetalx[i], i,h))
ay return np.prod( tmp)
48
49 def predict({self, X):
58 samples, features = X,shape
51 self.predict_proba = np.zeros((samples,self.n_classes_))
52 for i in rangelX.shape[@]):
53 joint_likelyhood = np.zeros{({self.n_classes_))
54
55 for h in range(self.n_classes_):
56 joint_likelyhood[h] = self.class_priors_[h] * self._likelyhood{X[1],h) & P{y¥) PiX[y)
57 denominator = np,sum(joilnt_likelyhood)
58 for h in range(self.n_classes_):
59 numerator = joint_likelyhoodIh]
-] self.predict_probali,h] = {numerator / denominator)
61 indices = np.argmax({self.predict_proba,axis=1)

52 return self.classes_|indices], self.predict_proba




Lampiran 4. Script Program Algoritma SVM

1 import numpy as np

2 from sklearn.base import BaseEstimator, ClassifierMixin
3 from sklearn.utils import check_random_state

4 from sklearn.preprocessing impert LabelEncoder

& def projection_simplax(v, z=l):

7 n_features = v,shape[®]
B u = np.sortivilii-11
o casv = np.cumsum{u) - 2
18 ind = np.arange{n_features) + 1
11 cond = U - €58% / ind > @
12 rha = ind[cand][-1]
13 theta = cssvlcondll=1] # floati{rha)
14 W = np.maximum{v - theta, @)
15 return w
16
17 class MulticlassS\M({BaseEstimator, ClassifierMixin}:
18
19 def __init__(self, C€=1, max_iter=50, tol=8,8%,
20 random_statesNone, verbose=@):
21 self,.C = C
22 self.max_iter = max_iter
23 self.tol = tol,
24 self.random_state = random _state
25 self.verbose = werbose
26
27 def _partial_gradient{self, X, y, i)z
28 g = np.dot(x[i]), self.coet_.T) + 1
29 alylil]l -= 1
38 return g
31
32 def _wialation{self, g, v, L):
33 smallest = np, int
34 for k in range{g.shape[&]):
35 if k == y[i] and self.dual_coef_[k, {] == self.C:
B continue
37 elif k I= y[i] and self.dual coef [k, i] »= &:
3B continue
39 smallest = min{smallest, g[k]}
4@ return g.max{) = smallest
41
42 def _solve subpraoblem{self, g, y, norms, i)z
a3 £i = np.zeros{g.shape[@])
a4 Cilyli]] = self.cC
4 beta_hat = narmsli] * (Ci - self.dual_coef_[:i; i1} + g # norms[i]
z = self.C * morms[i]
beta = projection simplex{beta hat, z)

return Ct - self.dual_coef_[:, 1] - beta y norms[i]

def fit{self, X, yh:

n_samples, features = X, shape
# N s labels

gelf._label_sncoder = LabelEncoder()

¥ self. label_encoder.fit_transformiy)

# For i coefficients.

n_cla = Lan{self,_label_encoder,classes_)

self.dual_coef_ = np.zeros({n_classes, n_samples), dtype=np.floathd )
self.coef_ = np.zeros{in_classes, n_festures

# ROFmS

norms = np.sqriinp.sumi(X #+ 2, axis=1))

# Shuffle sample 3

rs = chack_random 1f.random_state)

ind = np.arange({n_samples)
ra.shufflel ind)

65

(19 violation init = None

67 for it in range(self.max_iter):

68 vielation_sum = @

69 for ii in rangedn samples):

i i = ind[1t]

71 = =35 can be sarely ignared.
L if norms[i]) [ H

3 continue

74 g = self, partial_gradient{¥, v, i}
1% v = galf. violation{g, v, i}

6 violation sum += v

Lk if v < 1e-12:

7 cant inue

79

B8 solve_subproblesfg, vorms, L)
Bl te primal and dval coefficients.
B2 self.coef  += (delta * X[ill:, np.newaxis]).T
83 self.dual_coef_[:, L] += delta

B4 if it == @:

85 violation_init = violation_sus

Bb vratio = wio init
BY if wratio <

BE if self,.verbose == 1:

Bo print{ "Converged®)

9@ break

21 return self

52

93 def predict_probafseif, Xx):

94 e = np.dot(X, self.coef_.T}

95 return decision

96

87 def predict(self, X):

98 decision = salf.predict proba(X)

99 pred = decision.argmax(axis=1)

188 return self, label_encoder.inverse_transform{pred]
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Lampiran 5. Script Program Algoritma Logistic Regression

e%e
1 import numpy as np

} class SoftmaxRegression:

4 def init__(self,label,fitur):

5 sead_value = 50

¢ np.random. seed(seed valug)

! self.wetghts = np.random.uniform(@, 1, (label, fitur))

B self.label = label
10 def softmax(self, x):
11 return np.exp(x) / np.sum{np,exp(x))

13 def train_sgd(self, x train, y train, mak_(tr=1, alphs=0.1, lamde=8):
14 for 1tr in ranga(max_itr):

15 for in range(len{x _train)):

16 x = x_train[i].reshape(~-1, 1)

17 y = np.zeros((self. label, 1))

18 yly trainfi)] =1

19 h y = self . softmax(np.dot{self welghts, x))
28 self.weights = self.weights - aipha ¢ (np.dot((h.y - y), x.T)) + alphm » lamda * self.weights
21 return self.weights
23 def train_bgd(self, x train, y train, max (tr=100, alpha=0.,1, lamda=8): & batch gradient decent
24 print({“-—~---Training---—*)
25 for Ltr in range(max _\tr):
26 print({‘iteration:%d" % (tr)
z err = np.zeros((5, 14942))
28 for tn range(len{x train)):
29 x = % _train[i].reshape(~-1, 1)

1] ros{(5, 1))

31 in.tlocft]] =1

32 h_y = salf.softmax(np.dot(self.walghts, x))
33 singleErr = np.dot{(h_y - y), x.T)

2 err += singlekry

35 err = err / len(x_train)

36 regular = (alpha * lamda * self.weights) / len(x_train)
37 self.weights = self.welghts - alpha * err + regular
18 print(’'---— Train Finlshad-—--")

39 return self.weights

a0

41 def predict_probalself, x_test):

43 y_proba = []

43 for { in range(len(x test)):

a4 x = x_test[i]

45 y_proba.append(np.dot(self.weights, x))

a5 return y jroba

a7

a8 def predict(self, x test):

49 y_predict = ]

50 for L {n range(len(x _test)):

51 x = x_test[i]

52 y = np.argmax(np.dot{self.weights, x))

53 y_pradict,append(y)

54 y_predict = np.arrayly_predict)

55 return y predict

57 de

f test(self, y test, y predict):

8 print(' -~-Testing-—-- )

59 accuracy = 8
650 for | in range(len(y test)):
61 \f ypredict[i] == y test,iloc[i]:
62 cy += 1
63 accuracy uracy / len(y
64 print{'——- Test Finished--—--- )
6% return accuracy
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Lampiran 6. Script Program Confusion Matrix untuk Menghitung Performa

| det performance_test{y test, predict}:
pnf _matr ix anfusion_matrix(y_test, predict)

1 if len{

x[1,11 + conf matrixl2,2]1)/lenly test)
onf_matrix[@,8]+{conf_matrix[1,8]4cont matrix[2,8])]) +
atrix[e,1]+co matrix[2,1])1)) 4 (conf_matrix[2,2)/{conf_matrix[2,2]+

ix[1.2]))) 7 3
trix[®,8)/(conf_matrix[8,8]+(r trixz(®,1]+conf_natrix[8,2]))) +
atrixl1,11+{conf matrixil,@l+conf matrix(1,211}) + (conf matrixl(2,2]1/{conf matrix[2,2]+

«[2,11000) F 3
)) £ (precision + recall)

else:

accuracy = [conf_matrix[8,8] + f_matrix[1,1]} / len(y_test)
sion = conf_matrix[1,1] / (conf_matrix[1,1]+conf_matrix[@,11)
recail = ¢ x[1,1]/{conf_matrix[l,1]+conf_matrix[1,8])
i1 (2 * (precision * re V) / (precision + recall)

return conf_matrix, accuracy, precision, recall, Tl

Optimized using
trial version
www.balesio.com




Lampiran 7. Script Program Heterogeneous Ensemble Learning

import numpy as np

import pandas as pd

import math

import seaborn as sns

import matplotlib,pyplot as plt

from sklearn.metrics import accuracy_score, precision_score, recall_score, fl_scare
from sklearn.metrics import confusion matrix

& from scipy.sparse import csr_matrix

9 from sklearn.preprocessing import LabelEncoder

18 from sklearn.feature_selection import SelectkBest, chi2

11 from MLAlgorithm.NaiveBayes import MultiNB

12 from MLALgorithm.LogisticRegression import SoftmaxRegression
13 from MLAlgorithm.SVM import MulticlassSwM

14 import pickle

~d W R

16 training_data = pd.read_csvl"E:/Python/Penelitian Tesis/Sisten/Ready Sistem
New/vector save/multiclass training data new.csv®, encoding='utf-8')

17 ¥_train = csr_matrix{training data.iloc[:, :-1]).toarray{)

18 label_encoding = LabelEncoder()

13 v_train = label_encoding,fit_transform{training data[’' label'])

21 #PROSES TRAINING

22 #Naive Payes

23 NBModel = MultiNB{)

24 NBModel ., fit(X_train, y_train}

25 ES¥M

26 SWMModel = MulticlassSVM{C=1, tol=0.85, max_iter=1088, random_state=8, verbosesl}

27 SWMModel.fit{X_train, y_train}

28 #Logistic Regression

29 LRModel = SoftmaxRegressionilen{set(y_train}}, len(X_train[8]))

3@ LRModel.trailn_sgdiX_train, y_train)

31

32 testing_data = pd.read_csv[“E:/Pythen/Fenelitian Tesis/Sistem/Ready Sistem
New/vector_save/multiclass_testing_data_new.csv®, encoding='utf-8')

33 X_test = csr_matrix(testing_data.iloc[:z, :-1]).toarray()

34 y_test = label_encoding.fit_transform{testing_data['label’]}

36 #PROSES TESTING

37 #Naive Bayes

38 NBPredicted, MEPredicted prob = NBModel.predict{X_test)
39 £S5V

4% SYMPredicted prob = SWMModel .predict_proba{X_test)

4] #logistic Regression

42 LRPredicted_prob = LRModel.predict_proba(X_test)

Ad #PROSES VOTING DENGAN WEIGHTED SOFT VOTING

45 with open{ "E:/Python/Penelitian TesissSistem/Ready Sistem
New/optimal_weightsheterogeneous_optimal_weights_new.pkl', ‘rb*) as f:

46 optimal_weights = pickle.load{f)

A7 predicted_hatera = []

48 for baris in range(len{NBPredicted prab)):

4% jml = {[np.array{NBPredicted prebl[baris]} * optimal_weights[@]) + {(np.array{SWMPredicted prab[baris]) *
optimal weights[1]) + [np.array{LRPredicted probl[baris]} * optimal weights[2])) / 3

S8 if jml.argmax{) == @:

51 predicted_heterc.append(@)

52 elif jml.argmax() == 1:

53 predicted_hetero.append(1)

54 elif jml.argmax() == 2:

55 predicted_hetero.append(2)

56 predicted_hetero = np.arrayi{predicted_hetero}

57

58 conf_matrix, accuracy, precision, recall, fl = pearformance_test{y_test, predicted_hetero)




Lampiran 8. Script Program Homogeneous Ensemble Learning Naive Bayes

1 wmport numg
! Amport pand
import
i import sea
» import
from sklearn,
! from arn
from scipy.sp
) from sklea

18 from MLAlY
1 import
tratr
Kew r J
r ple = 18
for in rang
§
at I
rain =
NBM

NBModel . f

« MultiNB()

asn
as pd
as
b,pyplot as
metr wmport uracy _score, pre g ,» recall score, f

s tmport

arse import mat

s5ing import belt
tmport Moltin

1

pd,read_csv("E:/Python/Penslitian Te tea
e/milticla training_data_new.csv", en
e{n_sample):
ta = traln 1 data.samplelfrac=0.7, e=False, g tata=\)

( Alocf:, :-1)).taarray()

g = LabelEncoder()
ibel _enc ng,fit_transform{ sample datal

label'])

LE(X_traln, y_train)

5. append( NBModel )

testing gata = pd,read_csv( E:/Python/Penelitian Tesis/Ststen/Ready Sistem
Hew/vector v it sv*, encoding t1-8")

P (te 1)).toarray()

5h 4 ) datal ‘tabel’))

HEP T ed | b=1]
for n Is:

¥ i, f t)

N3 ted_pr

18 with ope E:/Python/Penelitia /S5iste \sten

Now/opt a2l _we R 5s I ) as

13 pre howogen = []
14 for ba wn ngel Llen(NE [8])):
4 =0
it for n ted prob))s
A flcted probimodel][baris]) # ts] 1)
3 l = )
\ if é H
vd .append{®)
elif Vs 1:
red wgen,append(1)
eltf L, i
wdi jen. append(2)
[§ amogen = hp.arrayl{predicted mogen )
’ I v B ¥ 1, tly t, | )

Optimized using
trial version
www.balesio.com
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Lampiran 9. Script Program Homogeneous Ensemble Learning SVM

1 import r f as n
? \mport as |
import
i import seaborn as
» import matplotiib,pyplot as
6 from sklearn,me S 1mport accuracy _score, pre on s &, recall score, f
! from sklearn. tmport fusic LI
from scipy.sparse import matrix
) from sklearn.preprocessing import LabelEncoder
18 from MLAlgorithm,SVM Umport Multiclas
11 import pickle
3 training data = pd,read_csv("E:/Python/Penali tea
h yector_save/multiclass_training _data_new.c
r nple = 19
17 wodets = []
18 for in range(n _sample):
1 wple_data = tralnie jata,.samplelfrac=0.7, replace=False, rand tata=\)
1 £_train = csr_matr ix(sample_data.iloc(:,
abel _encoding = LabelEncoder()
y_tratn = label _encoding,Tit_transform{sample data[‘label'])
tol«=8,05, max_ (1er=1000, random erbosesl)
)9 tust 1 sv("E:/Python/Penelitian Tesis/Ststen/Ready Ststem
ing_data_new.csv®, encodings'utf-8')
X 1€ - t sta.tlocl:, :-1)).toarray()
1 te ab ! transforn{ te 19 _datal ‘tabeil’])
4 prab = [)
odels:
I el.predict proba(X_test)
tcted prob.append{prob)
9 5
i {tian Tesis/Sistem 0
Now/optimal welght/ imal_welights new.pkl’, 'rb') as f:
11 aptimal weight
1
4 i_howogen = []
34 in range(len{ SWMPredicted prov(6])):
A€ for model in range(len{S « rob)):
1 ml = jml + (np.array(s 1 problsodet J[baris]) * o 11 welghts[model })
i 1 = jml/len{SVMPredic
19 if iml.argmax() :
8 predicted b append({®)
1 1:
.append(1)
2:
1 Lappend{2)
5§ ted_hamogen = nhp.arrayl{predicted mogen )
cont t - iracy, precision, recall, f perf test( t, predi | sgen )

Optimized using

trial version

www.balesio.com
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Lampiran 10. Script Program Homogeneous Ensemble Learning LR

1 \mport numpy as ne
} import pandas as pd
3 itmport mat!

i import seaborn as
5 import metplotliib,pyplot as plt
6 from sklearn.metrics import accu

! from sklearn.mets import co
g from = .sparse import matrix
3 from skiearn.preprocessing \mport LabelEnc
18 from MLAlgor (the, LoglsticRegression import
import pickly

13 training d

= pd,read_csv("E:z/Python/Peneli

stem/Ready Sistea
g='utf-8')

Rew/vector_save/milticlass_training_data_new,«

ample):

wuple data = training data.samplelfrac=0.7, replace=False, randos state=\)

X traln = csr_matrix(sample_data.ilocf:, :-1)).toarray()
el _encoding = LabelEncoder()
y _tratn = \abel_encoding,fit_transform({sample dataf ‘label'])

24
= § en(set(y_train)), len(X_train(0]))
)6 Jrain_sgo(Xx y_train)

models.append( LiModel )

/Python/Penelitlan Tesis/S

en/Ready Sistem

g="utf-8")

Iticlass_testing c
x(tosting data.iloc[:z, :-1)).toarray()
oding.fit_transform{testing data]'label*])

ta_new.csv™, encodl

14 LKPredicted_prob = []
5 for model n m

dels:
Lpradict _proba(X test)
prot.append( s )

LRPredictec

VOTING DENGAN Wi HTED SOF) VOTIN

A8 with open{ 'E:/Python/Punelitisn Tesis/Sistem/Ready Sistem

New/aptimal welght/hosogeneouslR optimal _welghts new,pkl‘, ‘rb') as f:
1 optimal weights = pickls,load(f)

} predicted_homogen = []
44 for barts An range(len{LRPredicted probl@])):
5 jnl=@

i for model in range({len{LAPredicted prob)):

A7 ml = jml + (np.array(LRfredicted problmodel][baris]) * optimal_wetghts[sodel])
18 jml = jal/len(LRPredicted prob)

49 Af iml.argmax() == 9:

predicted hom

£ append(®)
51 elif jml.argmax() :

1:

? pr ¢ 1.append(1)
24 n.append(2)

56 predicted _homogen = np.array({predicted homogen)

58 conf _matrix accuracy, precision, recall, f1 = performance test(y test, predicted hosiogen)

Optimized using
trial version
www.balesio.com
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Lampiran 11. Potongan Script Algoritma PSO untuk Model Heterogeneous

[ L8
from pyswarm import psa

1
2z
3 def objective_function(
4 # Split bobot untuk
[

= weights

8 MBModel.fit{X_train, y_train}
9
18 SVMModel = MulticlassSVM(C=1, tol=8.85, max_iter=1808, random state=@, verbose=1)
11 SWMModel . fit{X_train, y_train)
13 LRMx = SoftmaxRegression{len{set{y_train}}, len{¥_train[g]))
14 LRModel.train_sgd{X_train, y_train])
15
16 ] Bayes
17 jicted, MBPradicted_prob = NBModel.predict(X_test)
18
19 ed_prob = SVMModel.predict_probalX_test)
20 55 [ o
21 = LRModel.predict probalX test)
22
23 predicted_heters = []
24 for baris in range(len{NBPredicted_prob}}:
25 jmlL = {[(np.array(NBPredicted_problbaris]) * nb_weight) + (np.array{SVMPradicted_prob[baris]) * swm_weight)
+ [mp.array(LRPredicted_prab[baris]) * Lr_weight}) / 3

if jml.argmax{} == 8:
predicted_hetero,append( @)

elif jml.argmax() » L:
predicted_hetero,append(1)
elif jml.argmaxi ) rH

predicted h

iicted_hetera =

ro.append( 2)
p.array{predicted_hetero)

1

2 [+ M|
3

1 conf_matrix, accuracy, precision, recall, f1 = performance_test{y_test, predicted_hetera)

Feturn -accur

38 # Batasan bobot (dalam rentang [@, I]
3% b = [8, 8, 8]
40 ub = [1, 1, 1]

0 wntuk

psofabjective

optimal_swvm

e

il
swarmsize=10, maxiter=30)
Ir_weight = best_weights

svm_weight, optimal_Lr_weight]

45 optimal_weights = [optimal_nb_we

47 with open{ "E:/Pythan/Penelitian Tesis/Sistem/Ready Sistem
New/optimal_weight/heterogeneous optimal weights new.pkl', 'wh'] as f:
48 pickle.dump(optimal_weights, f)
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Lampiran 12. Potongan Script Algoritma PSO Model Homogeneous NB

L L
1 from pyswarm import pso
2
1 def objective_function{weights):
9 n_sample = 1B
5 models = |]
B for i in range(n_sar i
7 sample_data = training_data.sample(frac=8.7, replace=False, random state=i}
&
3 ile_data.iloc[:, :-1]).toarray()

label_encoding, fit_transform(s 2 datal"label'])

13 MultiNG{ )

14 3 el.fit(X_train, y_train)
15 models ., append{ NBMadel }

16

rob = model.predict(X_test)
edicted prob.append{prob)

ted_homogen = ||
5 in range|len{NBFredicted_prob[@])):

2 2] in range(len{MBPredicted prob)):

27 jml + {np.array(NEPredicted_prob[model][baris]) * weights[model])
28 jml = jmlslen{NBPredicted prob)

20 if jml,argmax{} == 8:

30 ed_homogen, append(@)

il elif jmL.argmax( ) 1:

32 > gen, appand( 1)

33 argmax( ) 2i

34 ted _homogen.append{2)

35

36 predicted_hosogen = np.array(predicted_homegen )

38 conf_matrix, accuracy, precision, recall, f1 = performance_test{y_test, predicted_homogen)
15

4 acy

41

in range(18)]
in range(18)]

= psofobjective_function, 1b, ub, swarmsize=10, maxiter=5)

49 optimal_ws s = best_weights

51 with open{'E:/Pythan/Penelitian Tesis/Sistem/Ready Sistem
New/optimal_weight/homogenecusNB_optimal_weights_new.pkl', 'wh') as f:
a2 pickle,dumploptimal weights, f)

Optimized using
trial version
www.balesio.com
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Lampiran 13. Potongan Script Algoritma PSO Model Homogeneous SVM

ane
1 from pyswarm import pso
2
1 def objective_function{weights):
Bl n_sample = 1B
5 models = []
[ for i in range(n_sampl e
7 sample_data = training_data.sample(frac=8.7, replace=False, random state=i}
&
9 X_train = csr_matrix mple_data.iloc[:, :-1]).toarray()
1 label_encoding = LabelEncoder()
11 y train = label encoding,fit transform{sample datal label'])
12
13 = MulticlassSVM(C=1, tol=0.85, max_iter=1888, random_state=8, verbose=1)
14 odel . fit(Xx_train, y_train)
15 modeals ., append{ SWMMadel )
16
17 ted prob = 11
18

y = [1

&
1% for model in models:

b = predict_probalX_test)
ted_prob. append(prob)

predicted_homogen = [
5 in range( len{S¥MPredicted_prob[@])):

ficted_prob)):

in range( len| 5

} iml + {np.array|SWMPredicted_prob[model][baris]) * welghts[model])

28 jml = jml/Lend SWMPredicted prab)

20 .argmax{}) == 8:

30 dicted_hemogen.append(@)

il elif jmL.argmax( ) 1:

32 .appand{1]

i3 2:

34 predicted_homogen. append{2)

predicted_hosogen = np.array(predicted_homegen )

conf_matrix,; aCcuracy, precision; recall; fl = performance_test{y_test; predicted_homogéen )

A return -accuracy

41

42 # tasan by t (dalam renfang
13 18

44 b = [@ for _ in range(10}]
= [1 for _ in range{18}]

lalankan algoritms PS0 untuk mencari bobot imal

hts, = psofabjective function, lb, ub, swarmsize=18, maxiter=38]
} optimal_weights = best_weights

51 with open{ 'E:/Python/Penelitian Tesis/Sistem/Ready Sistem
New/optimal_weight/homogenecusSVM_optimal_weights_new.pkl', 'wb') as f:
a2 pickle,dumploptimal weights, f)
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Lampiran 14. Potongan Script Algoritma PSO Model Homogeneous LR

from pyswarm import psa

n_sample = 1B

models = []

for i in range(n_sampl
sample_data = training_data.sample{frac=8.7, replace=False, random_state=i)

1
2
1 def objective_function{weights):
q

3

5 mple_data.iloc[:, :-1]).toarray()

e ncoder()

11 ng.fit_transform{sample datal label'])
12

13 LRModel = SoftmaxRegression(len(set(y_train)), len{X_train[B]})
14 LRModel.train_sgd(X_train, y_train)

15 models, append{ LRMadel )

16

17 LRPredicted prob = [1

18 LRAC Cy =

19 for model in models:

20 prob = model.predict_probalX_test)

LRPredicted prob.append{prob)

23 predicted_hosogen = []

24 for baris in range{len{LRPredicted_prob[@))):
25 jml=8

20 for model in range(len(lRPredicted prob)):

27 jml = jml + (np.array(LRPredicted_prob[model] [baris]) * weight

jml = jml/Llen{ LRPredicted prob)
2 if jml.argmax{} == 8:
10 dicted_homogen. append{@)
3l argmax( )
32 ted_homo
33 argmaxf ) E
34 cted_homogen. append{2)
15
36 predicted_hosogen = np.array(predicted_homegen )
38 conf_matrix, accuracy, precision, recall, fl = performance_test{y_test, predicted_homogen )
19
A0 return -accuracy
41
42 i asan bob fdala J
43 jml = 18

44 b = [@ for in range(18)]
45 ub = [1 for _ in range(18)]

¥ Jalankan algoritma PS0 untuk mencari bobot optimal
48 best_weights, = psofabjective ction, lb, ub, swarmsize=10, maxiter=38)
49 optimal_weights = best_weights

51 with open{'E:/Python/Penelitian Tesis/Sistem/Ready Sistem
New/optimal_weight/hosogensouslR_optimal_weights_new.pkl', 'wb'] as f:
52 plckle, dump( optim




