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Make Breas Cancer(BC) Classifier using Wisconsin Brest Cancer data

1.

Data Info

In [4]: data.info()

<class ‘pandas.core.frame.DataFrame’>
Float64Index: 569 entries, nan to nan
Data columns (total 32 columns):

# Column Non—-Null Count Diype

0 id 569 non—null  int64

1 diagnosis 569 non-null  object

2 radius_mean 569 non-null float64

3 texture_mean 569 non—null  floatb4

4 perimeter_mean 569 non-null  float64
5 area_mean 569 non-null  float64

6 smoothness_mean 569 non—null  float64
7 compactness_mean 569 non-null float64
8 concavity_mean 569 non-null float64
9 concave points_mean 569 non-null floaté4
10 symmetry_mean 569 non-null  floaté4
11 fractal_dimension_mean 569 non-null float64
12 radius_se 569 non—-null  floaté4

13 texture_se 569 non-null  float64

14 perimeter_se 569 non-null float64

15 area_se 569 non-null float64

16 smoothness_se 569 non-null  float64
17 compactness_se 569 non-null  floaté4d
18 concavity_se 569 non-null float64

19 concave points_se 569 non—null  float64
20 symmetry_se 569 non—null float64

21 fractal_dimension_se 569 non—null float64
22 radius_worst 569 non—null float64

23 texture_worst 569 nen—null float64

24 perimeter_worst 569 non-null  floaté4
25 area_worst 569 non-null float64

26 smoothness_worst 569 non-null floatb4
27 compactness_worst 569 non—-null float64

28 concavity_worst 569 non—null float64
29 concave points_worst 569 non—null float64
30 symmetry_worst 569 non-null float64

31 fractal_dimension_worst 569 non-null float64
dtypes: float64(30), int64(1), object(1)
memory usage: 146.7+ KB
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In [111: | corr = data[features].corr()
plt.figure(figsize=(14,14))
=ns.heatmap(corr, cbar = True, square = True,
xticklabels= features, yticklabels= features,
cmap="coolwarm’)
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prediction_features

['radius_mean’, ‘texture_mean’, 'smoothness_mean’, ‘compactness_mean’, 'symmetry_mean’, ‘fractal_dimension_mean’, ‘radius_se’, ‘texture_se’, "smoot
hness_se’, 'compactness_se’, 'symmetry_se’, "fractal_dimension_se', 'radius_worst’, "texture_worst’, 'smoothness_worst’, ‘'compactness_worst’, ‘symmetr
y_worst’, “fractal_dimension_worst']

mean_features

['radius_mean’, "texture_mean’, 'smoothness_mean’, ‘compactness_mean’, 'symmetry_mean’, ‘fractal_dimension_mean']

se_features

['radius_se’, "texture_se’, 'smocthness_se’, ‘compactness_se’, 'symmetry_se’, "fractal_dimension_se’]

se_features

['radius_se’, "texture_se', ‘smoothness_se', ‘compactness_se’, ‘symmstry_se’, fractal_dimension_se']
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3. Model training/ Check Model Accuracy

DataOl|M Training/Test setS 0.75:0.25 H| 22 L5 F7|

In [32]:

[“I'II t(tlaln

print(test.shape)
(426, 31)
(143, 31)

In [33]: train_X = train[prediction featurps]
train y-tram dsagno;lf-—

test_X=tes t[prec!lctlon feati,ref]
test_y =test.diagnosi

PHE0{Zl Training/Test set2 7tX|11 Random forest, SVM algorithmE O| &8l Classifier

model TtE0 45 H|

LHFH 2 2 classfication performance?t 2 Random forest2t Support Vector Machine Algorithms= 0| &34
Breast Cancer Classifier model 2t=7|

In [41]:  model=RandomForestClassifier (n_estimators=100) # gy

In [42): model.fit(train_X, train_y) # A/

Out[42]: RandomForestClassifier()

In [43]: prediction=model.predict(tes

In [44]: metrics.accuracy_score(prediction,test_y) # fest s
Out[44]: 0.9790209790209791
In [45]: model = svm.SVC()
model.fit(train_X, train_y)

prediction=model.predict(test_X)
metrics.accuracy_score(prediction, test_y)

5]: 0.9230769230769231
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IDC(major type of Breast Cancer) patch imageS O| &%} Classifier

1. Data

Loading Data

# image G/0/E load
# image shape (5547, 50, 50, 3))
X= np.load("X.npy’)

# image label GI0/E{ shape(5547,1) : (0 =no cancer, 1 =cancer)
Y = np.load("Y.npy')

# 0/0/7] GIO/EEE FHFE 2 — Gl0/E/9) label0] 2AG2 LIS S0/ 2/7] Bi2 0]

perm_array = np.arange(len(X))
np.random.shuffle(perm_array)
X = X[perm_array]
Y =Y[perm_array]

print{"X image Shape :”; X.shape, ", Y label Shape =", Y.shape)

X image Shape : (5547, 50, 50, 3) , Y label Shape = (5547,)

# Datalyl Cancer labelZ} Non_Cancer label0 i 4 QH=A1 291

print{'There are’, len(X[Y==0]), ‘negstive samples, There are’, len(X[Y==1]), ‘positive samples’)

There are 2759 negetive samples. Thers are 2788 positive samples

- [# qorg oz

I pltfigure(figsiza=(16, 18))
iin ranga{20):
pit.subplot(d, 5,i+1)
pit.titie('ICC = %" %¥i])
pit.imshow(X[i])}

IDC=0
P

ot Z2 IDC patch image &H|, Z patch imaget IDC positive2| 4<% labelO| 1

o
0|1, negativel| &d<0= labelO| 00|Ct.



2. Data &H| for Classical ML algorithms

X_reshaped = X.reshape (X.shape[0], X.shape[1]*X.shape[2]*X.shape[3])

#orint(X_reshaped. shape)

O/E{& Training Set, Test Set2= LIFHEL, (7.5:2.5)

#FoverfittingS BIxfat7f

X_train, ¥_test, Y_train, Y_test = train_test_split(X_reshaped, Y, test_size=0.25)

print{'There are’, len(X_train[Y_train==0]}, "'non Cancer samples and *, len(X_train[Y_train==1]), 'Cancer samples in training Set )
print('There are’, len{X_test[Y_test==0]),'non Cancer samples and *, len(X_test[Y_test==1]), ‘Cancer samples in test St ')

There are 2063 non Cancer samples and 2097 Cancer samples in training Set
There are 696 non Cancer samples and 691 Cancer samples in test Set

Classical ML algorithms2 O|&23dll classifierE & AI7|7] I8l datas CHS Ot 20|

1D dataZ PHEO{F 1, overfittingS HXI5H7| ?ISHA dataE train/test 0.75:0.25 H|&E

2 Lpe0jZQlct

3. Make Classifier Using Classical ML algorithms & Check Test Accuracy

#model Fit + Fvaluation S BtS7]

def fit_evaluate (model):

madel.fit(X_train, ¥_train)

# ESE GES FIX T X test setE B/ 510, /=54 A0, 45
model_pred = model.predict (¥_test)
model_accuracy = accuracy_score(Y_test, model_pred)

i 7 Ol = il
#LS HEL retumn

return model_accuracy

#Decision Tree Classifier

DTR = DecisionTreeClassifier{ random_state=42)
DTR_accuracy = fit_evaluate (DTR)

print('DTR accuracy:’, DTR_accuracy)

#Random Forest Classifier

RFC = RandomForestClassifier(random_state=42)
RFC_accuracy = fit_evaluate (RFC)

print{’RFC accuracy:’, RFC_accuracy)

FHNN

KNN = KNeighborsClassifier(10)
KNN_accuracy =fit_evaluate(KNN)
print{’KNN accuracy:’, KNN_accuracy)

DTR accuracy: 0.65653713049747857
RFC accuracy: 0.7678442682047585
KNN accuracy: 0.7253064167267483

EIE 6/l 5t Accuracy =&

HE 2HE ?lOiM LSl 22 codeE O[838HM 1D Y422 BIBtEl IDC patch

image dataE O|83%l Random forest, Decision Tree, KNN

classifier learning= test Accuracy &,

Zug|5S O8N



Comparison of Test Accuracy
H accuracy

Decision Tree

K-Mearest Neighbors

Random Forest

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8

Test AccuracyE H|msfEH™, Ct31

P&
& &2 0769 accuracyE M= A2 Hol &

){thlIn xteut ytn:ln, \;tect'tr"ln te sphtl’}( i te'*t size = 0. "5

xtrain.shape, xtest.shape, ytrain.shape, ytest.shape

#Y¥ _-f_—.::_‘ & " value data sett

ytrain =tn_categorma|fy‘tra|n,2)
est = to_categorical (ytest,2)

Classical ML algorithms2 0|8¢ Mt CtEA CNNO| input2 2 €& datall &0

oT

= 1D data2 ®2hS StX| %1 image dataE ICHE O|BFCH

O AN

ESF classical ML algorithms2 0| 8% Qb &3Sk Training/Test set2 0.75:0.25 H]

22 LHrOFACH

#lalidation8| Accuracy7F 80% &
import tensorflow as tf
class myCallback(tf. keras.callbacks.Callback):
def on_epoch_end (zelf epcch Iogs=“}
if (logs.get("val_accuracy” ,l >= -
print("Reached 80% 2
self.model.stop_ training = True
c:ﬁllb:}ck’-rr'yt,allbacku

Ol 76%ECt 4% =2 80%2 H2E0| Z=EH5IH model?| learningg T& Al7|=%F
HESHAULCE

CNN2 0|83t classifier= classical ML algorithms 2Lt &2 H2z=7t 7|CHE7| &



: tf keras.backend.clear_session()
K.clear_ssssion() s8s55i00 to make surs
tf .random_set_sesd
np.random.seed(51

]

input_shaps = {xtrain.shape[1], xtrain.shapsa[2], 3)
batch size = 64

INIT_LR

maodsl = tf_keras_Sequantial()

dd|SeparableConv2D(32, {3,3), padding="sams",input_shape=input_shaps))
modsl.add (Activation!reiu”)}

model_add (BatchMermalization (axis=channsiDim) )

model.add (MaxPooling2D (pool_size=(2,2)])

model.add (SpatialDropout2D(0.2))

modsl. .:dduaparah QCorJuZD.EJ, {3,3), padding="sama")}
modal.add (Activation|"reiu"))
rrou:lsl J:idl‘BatcnI.Iorrr'a 'nti’*nl'w'c‘ur\ne Dim))

T layar

rrod:\l Jdd[qu:rah QCon'."D 128, (3,3), padding="same")}

W apar
model.add (SeparableConv2D{256, (3,3), padding="sama"})
modsl add(Activation|"reiu”})

mode|_add{BatchMon zation{ax
model.add (MaxPooling
model.add (Drepout (!

f‘"w:lr-ne Dim))

model_add(Ds 5
maodsl_add (Activation|"ra
mode|_add{BatchMon
mode|_add (Dropout (

modsi_add (Dense(num_classes) )
modsladd (Activation{"scftmax"))

opt=Adagrad(i=IMT_LR,dscay=IN T_LFefesacr' ]
model.compile{loss="cateqorical_crossentropy

712X & batch sizee 642 X|HHJF UL, epoch= 302 initial learning rate=

00222 MH 3 = learnings TSI RALCE,
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ks
I
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datagen = ImageDataGenerator|
rotation_range=30, # randomly rotate images in the range (degrees, Oto 180)
width_shift_range=0.1, # randomly sfiit images harizontally (fraction of total width)
herght_shift_range=0.1, #mandomly shit images vertically (Traction of total height)
horizontal_flip=True, #randamiy fijp images
vertical_flip=True,
room_range=0.05,
#shear rangs=0.05,
fill_mode="nearest’

)
datagen.fit(xtrain)
history_1=model.fit{datagen.flow(xtrain, ytrain, batch_size=hatch_size),
epochs=epochs,
validation_data = (xtest, yiest),
verbose = 2,
steps_per_epoch=len (xtrain)/batch_size,
shuffle=True, Zshuffle the data
callbacks=[myCallback()]) #Valadtion set® Tf8t Accuracy 80% OI&0] 5% gt =&
score_1 = model.evaluate (xtest, ytest, verbose=0)
prini{score_1)|

ModelZ trainingstZ| O HZF3t datad| ME Z2HE HZESH7| IS

ImageDataGeneratorE 0|8&3t0| datal| +=& =2{F ALt

Epoch 1/30

65/65 — 475 - loss: 0.8846 — accuracy: 06668 — val_loss: 0.6976 —val_accuracy: (. 4545
Epoch 2730

6565 — 385 — loga: 0.6615 — accuracy: 0.7138 — vai_loss: 0.6938 — val_accuracy: 0.4845
Epoch 3/30

6565 — 39s - loss: 006080 — accuracy: 0.7 183 - val_loss: 0.7900 — val_accuracy: 0.4845
Epoch 4730

65/65 — 385 - loss: 0.5802 - accuracy: 07346 — val_loss: 07727 — val_accuracy: 0.4345
Epoch 5/30

65/65 — 395 - loss: 0.5808 — accuracy: 07411 — val_loss: 0.6657 —val_accuracy: (1.6482
Epoch 630

65/65 — 405 — logs: 0.5672 — accuracy: 0.7411 —vai_loss: 0.8271 — val_accuracy: 0.5057
Epoch 730

6565 — 39s - loss: 0.5461 — accuracy: 0.7394 — val_loss: 0.6492 — val_accuracy: 0.6813
Epoch 8730

65/65 — 395 — loss: 0.5406 — accuracy: 0.7512 —val_loss: 05637 — val_accuracy: 0.7340
Epoch 9730

65/65 — 385 - loss: 0.5386 — accuracy: 07641 —val_loss: 0.5083 —val_accuracy: (L7657
Epoch 10/30

6565 — 395 — logs: 0.5272 — accuracy: 0.7507 — val_loss: 0.5139 — val_accuracy: 0.7484
Epoch 11/30

6565 — 39s - loss: 0.5272 —accuracy: 0.7529 — val_loss: 04877 — val_accuracy: 07765
Epoch 12/30

65/65 — 395 — loss: 0.5206 — accuracy: 0.7502 — val_loss: 0.4749 — val_accuracy: 07866
Epoch 13/30

65/65 — 395 - loss: 0.5233 — accuracy: 07534 — val_loss: 0.4646 — val_accuracy: (18053
Reached 80% accuracy!

[0.464556466550827, 0.805335283279419]

13 epoch ZHOI| Test Set2| Accuracy”Zt 0.80530 =3t A4S =0l & = UJUCH
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