Chapter 1: Breast Cancer Detection

In [6]:

# Let explore the dataset and do g few visualizations
print(df.loc[10])

# Print the shape of the dataset
print(df.shape)
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marginal adhesion
single epithelial size
bare nuclei
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normal nucleoli
mitoses
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Name: 10, dtype: object
(699, 10)
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M In [10]: # Define models to train
models = []
models.append(( 'KNN', KNeighborsClassifier(n_neighbors = 5)))
models.append(('SVM', SVC()))

# evaluate each model in turn
results = []
names = []

for name, model in models:
kfold = model selection.KFold(n splits=10, random state = seed)
cv_results = model selection.cross val score(model, X train, y train, cv=kfolc
results.append(cv_results)
names .append(name)
msg = “%s: % (%f)" % (name, cv results.mean(), cv results.std())
print(msg)

KNN: ©.962468 (©.018609)
SVM: ©.958929 (0.029934)
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print( 'Python: {}'.format(sys.version))

print('scipy: {}'.format(scipy._version_ ))

print( numpy: {}'.format(numpy. version_ ))

print( 'matplotlib: {}'.format(matplotlib. wversion_ )}
print('pandas: {}'.format(pandas._version__))
print('sklearn: {}'.format(sklearn._ version_))

Python: 3.6.6 |Anaconda, Inc.
bit (AMD64)]

scipy: 1.1.0
numpy: 1.15.0
matplotlib: 2.2.2

pandas: ©.23.3
sklearn: @.19.1

(default, Jun 28 2018,

11:27:44) [MSC v.1900 64




In [2]: import numpy as np
from sklearn import preprocessing, cross_validation
from sklearn.neighbors import KNeighborsClassifier
from sklearn.svm import SVC
from sklearn import model_selection
from sklearn.metrics import classification_report, accuracy_score
from pandas.plotting import scatter_matrix
import matplotlib.pyplot as plt
import pandas as pd

C:\Users\test\Anaconda3\lib\site-packages\sklearn\cross_validation.py:41: Depr
ecationWarning: This module was deprecated in version ©.18 in favor of the mod
el _selection module into which all the refactored classes and functions are mo
ved. Also note that the interface of the new CV iterators are different from t
hat of this module. This module will be removed in ©.20.

"This module will be removed in ©.20.", DeprecationWarning)

In [3]: | # Load Dataset
url = "https://archive.ics.uci.edu/ml/machine-learning-databases/breast-cancer-wisconsin/breast-cancer-wiscensin.data"
names = ["id"', 'clump_thickness', 'uniform cell size', ‘uniform cell shape’,

‘marginal_adhesion', 'single epithelial size', 'bare nuclei’,
‘bland_chromatin®, 'normal_nucleoli', 'mitoses', 'class']
df = pd.read_csv(url, names=names})

M In [4]:  # Preprocess the data
df.replace('?',-99999, inplace=True)
print(df.axes)

df.drop(['id'], 1, inplace=True)

# Print the shape of the dataset
print(df.shape)

[RangeIndex(start=0, stop=699, step=1), Index(['id', 'clump_thickness', 'uniform cell size', ‘'unifor
m_cell shape’,
‘marginal_adhesion', 'single epithelial size’, 'bare nuclei’,
‘bland_chromatin®, 'normal_nuclecli', 'mitoses', 'class'],
dtype="object")]
(699, 10)




In [5]:

# Do dataset visualizations
print(df.loc[6])

clump_thickness
uniform_cell size
uniform_cell shape
marginal_adhesion
single_epithelial size
bare_nuclei
bland_chromatin
normal_nucleoli
mitoses

class

Name: 6, dtype: object
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In [6]: | # Do dataset visualizations
print{df.loc[&])
print(df.describe())
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uniform _cell size

uniform_cell shape

marginal_adhesion

single_epithelial_size

bare_nuclei 1

bland chromatin

normal_nucleoli

mitoses

class

Mame: 6, dtype: object
clump_thickness wuniform_cell size uniform_cell shape
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count 600, eaa0aa 699.00800e 699, 800002
mean 4.41774¢@ 3.134473 3.287439
std 2.815741 3.6851459 2.971913
min 1.6aa0aa 1.088008 1.08e668
25% 2.oaao0aa 1.080a08 1.0eec0e
S8% 4 .0ga0aa 1.000008 1.0ee00e
75k 6.0ea08a 5.0Bea0e 5.0eecoe
max 18.eed0aa 16.088008 18.88e088

marginal_adhesion single_epithelial _size bland_chromatin A\

count 69%. 808800 699 .006008 699.086808

mean 2.8B86367 3.216823 3.437768

std 2.85537%9 2.214268 2.438364

min 1.a0aa08 1.80a608 1.8aa6ea

25% 1.8628608 2.80a808 2.0006808

5@k 1.a8a868 2.6B6a068 3.0beasea

JEE 4.88aa600 4.80a008 5.08gaeaea

max 16.a6aa68 1@ .86a008 10@.08a0ea
normal nuclepli mitoses class

count 600 .080868 600.000080 699.800000

mean 2.866953 1.588413 2.689557

std 3.853634 1.715878 8.951273

min 1.6ea088 1.6868860 2.ea6868

25% 1.608688 1.68608600 2.8400006

Sak 1.eea0aa 1.6080060 2.ea0000

75k 4. 0eqsag 1.c08008 4.ga60800

max 16.8e8088 18.8688880 4.ea68a68




In [7]:

# Plot histograms for each variable

df.hist(figsize = (1@, 18))
plt.show()
bland_chromatin dass
150 - 200 1
125 A
100 4 300 4
751 200 4
50 -
100
25 1
0- 0-
2 4 6 B 1 20 25 30 35 40
marginal_adhesion mitoses
00
400 1
500 -
300 1 00
200 - 300
200 1
100 1
100 1
0 0
2 4 6 B 10 2 4 65 B8 10
single_epithelial_size uniform_cell_shape
400 A
300 4
300 1
200 4 200 4
100 100 1
0- 0-

dump_thickness

4 & 8

normal_nucleoli

10

400 1

300 1

200 1

100 1

2

4 B 8

uniform_cell_size

10

400

300 1

200 1

100 1




In [B8]:

# Create scatter plot matrix
scatter_matrix(df, figsize = (18,18))
plt.show()
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# Create X and Y datasets for training
X = np.array(df.drop(['class’'], 1))
y = np.array(df['class'])

X_train, X_test, y train, y test = cross_validation.train_test_split(X, y, test_size=0.2)




In [1@]: # Testing Options
seed = 8
scoring = ‘accuracy’

In [11]:

# Define models to train

models = []

models.append(( "KNN", KNeighborsClassifier(n_neighbors = 5)))
models.append(("SVM", SVC()))

# evaluate each model in turn
results = []
names = []

for name, model in models:
kfold = model selection.KFold(n splits=10, random state = seed)
cv_results = model selection.cross val score(model, X train, y train, cv=kfold, scoring=scoring)
results.append(cv _results)
names.append(name)
msg = "¥s: ¥f (%f)" % (name, cv_results.mean(), cv_results.std())
print(msg)

KNN: ©.966039 (0.018616)
SVM: ©.955292 (08.021477)

In [11]:

# Define models to train

models = []

models.append(( 'KNN", KNeighborsClassifier(n neighbors = 5)))
models.append(('SvM", SVC()))

# evaluate each model in turn
results = []
names = []

for name, model in models:
kfold = model_selection.KFold(n_splits=16, random state = seed)
cv_results = model_selection.cross_val_score(model, X_train, y_train, cv=kfold, scoring=scoring)
results.append(cv_results)
names . append(name)
msg = "%s: %f (%f)" % (name, cv _results.mean(), cv results.std())
print(msg)

KNN: ©.966039 (9.018616)
SVM: ©.955292 (9.021477)




In [11]:

# Make predictions on validation dataset

for name, model in models:

model.fit(X_train, y_train)
predictions = model.predict(X_test)

print(name)

print(accuracy_score(y_test, predictions))

print(classification_report(y_test, predictions))

KNN
©.9785714285714285
precision
2 ©.98
4 ©.98
avg / total .98
SVM
©.9571428571428572
precision
2 1.0
4 ©.88

avg / total 0.96

support

95
45

140

support

95
45

140




In [11]: | # Make predictions on validation dataset

for name, model in models:
model.fit(X_train, y_train)
predictions = model.predict(X_test)
print(name)
print(accuracy_score(y_test, predictions))
print(classification_report(y_test, predictions))

KNN
©.9785714285714285
precision recall fl-score  support
2 ©.98 .99 0.98 95
4 ©.98 .96 0.97 45
avg / total ©.98 ©.98 0.98 140
SVM
©.9571428571428572
precision recall fl-score  support
2 1.0 0.94 0.97 95
4 ©.88 1.00 0.94 45
avg / total @.96 .96 0.96 140
In [13]: clf = svC()

clf.fit(X_train, y train)
accuracy = clf.score(X test, y test)
print(accuracy)

example measures = np.array([[4,2,1,1,1,2,3,2,1]])

example measures = example measures.reshape(len(example measures), -1)
prediction = clf.predict(example measures)

print(prediction)

9.95

[2]




In [12]: clf = svc()

clf.fit(X train, y train)
accuracy = clf.score(X test, y test)
print(accuracy)

example measures = np.array([[4,2,1,1,1,2,3,2,1]])

example measures = example measures.reshape(len(example measures), -1)
prediction = clf.predict(example_measures)

print(prediction)

In [13]: clf = svc()

clf.fit(X train, y train)
accuracy = clf.score(X_test, y test)
print(accuracy)

example measures = np.array([[4,2,1,1,1,2,3,2,1]])

example measures = example measures.reshape(len(example measures), -1)
prediction = clf.predict(example measures)

print(prediction)

.95
(2]




Chapter 2: Diabetes Onset Detection

import sys
import pandas
import numpy
import sklearn
import keras

print{'Pythen: {}'.format{sys.version))
print{'Pandas: {}'.format(pandas.__version__})

print('Numpy: {}'.format{numpy.__wversion__}}

print('Sklearn: {}'.format(sklearn.__version__))
print('Keras: {}'.format(keras.__wversion__)}

C:\ProgramData\Anaconda3\lib\site-packages\hSpy\__init__.py:36: FutureWarning: Conversion of the
p.dtype(float) .type’.
from ._conv impert register_converters as _register_converters
Using TensorFlow backend.
Python: 3.6.5 |Anaconda, Inc.| (default, Mar 295 2018, 13:32:41) [MSC v.1960 64 bit (AMD&4)]
Pandas: ©.23.0
Numpy: 1.14.3
Sklearn: @.19.1
Keras: 2.2.2

'
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o
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datasets 11-10-2018 10:27 File folder
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Mj keras.,json - Notepad
File Edit Format View Help

1
"floatx": "float32",
"epsilon”: le-@7,
"backend": "tensorflow",
"image data format": "channels last"

H

In [2]: import pandas as pd
import numpy as np
# import the uci pima indians diagbetes dataset
url = "https://raw.githubusercontent.com/jbrownlee/Datasets/master/pima-indians-diabetes.data.csv"
names = ['n_pregnant’, 'glucose_concentration’, 'blood_pressure (mm Hg)', "skin_thickness (mm)', ‘serum_insulin (mu U/ml)',
'BMI', ‘pedigree_function', ‘"age', 'class']
df = pd.read_csv(url, names = names)
In [3]: |# Describe the dataset
df.describe()
Out[3]:
. blood_pressure skin_thickness  serum_insulin {mu . .
n_pregnant glucose_concentration (mm Hg) (mm) uimi) BMI pedigree_function age class
count 768.000000 768.000000 768.000000 768.000000 768.000000 768.000000 768.000000 768.000000 763.000000
mean 3.845052 120.894531 59.105469 20.526458 79.799479  31.992578 0471876  33.240885 0.348958
std 3.369578 31.972618 19.355807 15.952218 115.244002 7.884160 0331329  11.760232 0.476951
min 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000 0.078000  21.000000 0.000000
25% 1.000000 99.000000 652.000000 0.000000 0.000000  27.300000 0.243750  24.000000 0.000000
50% 3.000000 117.000000 72.000000 23.000000 30.500000  32.000000 0372500 29.000000 0.000000
75% 6.000000 140.250000 80.000000 32.000000 127.250000  36.500000 0626250  41.000000 1.000000
max  17.000000 189.000000 122.000000 99.000000 846.000000  87.100000 2.420000  31.000000 1.000000
In [4]: df[df[ glucose_concentration’] == 8]
Oout[4]:
n_pregnant glucose_concentration blood_pressure (mm Hg) skin_thickness (mm) serum_insulin (mu Wml) BMI pedigree_function age class
75 1 0 48 20 0 247 0140 22 0
182 1 0 T4 20 23 277 0293 21 0
342 1 0 68 35 0 320 0389 22 0
349 5 0 20 3z o #10 03456 37 1
502 6 0 68 41 0 390 0727 41 1




In [5]: | # Preprocess the data, mark zero values as NoN and drop
columns = ['glucose_concentration’, ‘blood pressure (mm Hg)®, 'skin_thickness (mm)‘, 'serum_insulin (mu U/ml)"‘, °"BMI"]
for col in columns:
df[col].replace(8, np.NaN, inplace=True)
df.describe()
out[5]:
n_pregnant glucose_concentration DIODI‘]J()::;S:; skin_mick(r:;s) serum_insulir{]ﬁ‘u) BMI pedigree_function age class
count 768.000000 763.000000 733.000000 541.000000 394.000000 757.000000 768.000000 768.000000 768.000000
mean 3.845052 121.686763 72.405184 29153420 155548223 32.457464 0.471876  33.240885 0.348958
std 3.369578 30.535641 12.382158 10.476982 118.775855 6.924988 0331329  11.760232 0.478951
min 0.000000 44.000000 24.000000 7.000000 14.000000  18.200000 0.078000  21.000000 0.000000
25% 1.000000 99.000000 64.000000 22.000000 76.250000  27.500000 0.243750  24.000000 0.000000
50% 3.000000 117.000000 72.000000 29.000000 125.000000  32.300000 0.372500  29.000000 0.000000
75% 6.000000 141.000000 80.000000 36.000000 190.000000  36.600000 0.626250  41.000000 1.000000
max  17.000000 199.000000 122.000000 99.000000 846.000000  67.100000 2.420000  81.000000 1.000000
In [6]: |# Drop rows with missing values
df.dropna(inplace=True)
# summarize the number of rows and columns in df
df.describe()
Out[6]:
n_pregnant glucose_concentration DIOOUJ(’;?;SE; Ski"Jka{::;ﬁ serumfinsulir{]}m‘u) BMI pedigree_function age class
count  392.000000 392.000000 392.000000 392.000000 392.000000 392.000000 392.000000 392.000000 392.000000
mean 3.301020 122.627551 70.663265 29.145408 156.056122  33.086224 0523046  30.864796 0.331633
std 3211424 30.860781 12.496092 10.516424 118.841690 7.027659 0345488  10.200777 0.471401
min 0.000000 56.000000 24.000000 7.000000 14.000000  18.200000 0.085000  21.000000 0.000000
25% 1.000000 99.000000 62.000000 21.000000 76.750000  28.400000 0.269750  23.000000 0.000000
50% 2.000000 119.000000 70.000000 29.000000 125500000  33.200000 0.449500  27.000000 0.000000
5% 5.000000 143.000000 78.000000 37.000000 190.000000  37.100000 0.687000  36.000000 1.000000
max  17.000000 198.000000 110.000000 63.000000 £46.000000  67.100000 2.420000  31.000000 1.000000

# Convert dataframe to
datazet = df.values
print{dataset.shape)

4 - A
(392, 9)

numpy array




In [17]: print(X.shape)
print(Y.shape)
print{X[:5])
(232, 8)
(392,)
[[1.0002+@0 B.000s+@01 §.6002+@1 2.300=+01 9.400e+81 2.81@e+@1 1.670e-@1
2.18Bs+31]
[B.080=+00 1.370e+02 4.080=+01 3.508e+01 1.5B0e+02 4.310es+401 2.2BBe+00
3.30Re+01]
[3.000=+@0 T.80Re+@l 5.@00=+@1 3.200e+@l B.EE0e+@l 3.100e+@1 2.480e-@1
2.600e+@1]
[2.000=+00 1.970e+02 7.000=+@1 4.5002+01 5.430e+@2 3.0502+401 1.580e-01
5.300e+01]
[1.0808=+00 1.89Be+@2 5.0@E0=+@1 2.308e+01l B.450e+82 3.018e+01 3.9B0e-01
5.900=+817]
printi{=zcaler)
StandardScaler{copy=True, with_mean=True, with_std=True)

In [13]: # Transform and display the training data
X_standardized = scaler.transform(X)
data = pd.DataFrame(X_standardized)
data.describe()

Out[13 0 1 2 3 4 5 6 7
count 3.920000e+02  3.920000e=02  3.920000e+02 3.920000e+02 3.920000e+02 3.920000e+02  3.920000e+02 3.920000e=02
mean -4.021726e-17  3.129583e-17 -4.641624e-16  1.042250e-16  6.485742e-17  1.543550e-16  3.880116e-17  1.028089%-16

std  1.0012782+00 1.001278e+00 1.001278e+00 1.001278e+00 1.001278e+00 1.001278e+00 1.001278e+00 1.001278e+00
min -1.029213e+00 -2.161731e+00 -3.7390012+00 -2.1084842+00 -1.196867e+00 -2.120941e+00 -1.2695252+00 -9.682991e-01
25% -7.174265e-01  -7.665958e-01  -6.941640e-01  -7.755315e-01  -6.681786e-01 -6.676780e-01  -7.34090%e-01 -7.719850e-01
50% -4.056403e-01 -1.17695%e-01 -5.314565e-02 -1.384444e-02  -2.574448e-01 1.621036e-02  -2.131475e-01 -3.793569e-01
75% 5.297185e-01 6.609841e-01 5.878727e-01 TATE4268e-01 2.839877e-01 5.718696e-01 4.751644e-01  5.040564e-01
max 4.271153e+00 2.445459e+00 3.151946e+00 3.223325e+00 5.812990e+00 4.846172e+00 5497667e+00 4921123200




In [15]:  # Start defining the model
def create_model():

# create model
model = Sequential()

model.add (Dense (8, dnput_dim = 8, kernel_initializer='normal', actiwvation='relu'))
model.add{Dense (4, input_dim = 8, kernel_initializer='normal', activation='relu'})

model.add (Dense (1, activation='sigmoid'))

# compile the model
adam = Adam(lr = B.81)

model.compile{loss = 'binary_crossentropy', optimizer = adam, metrics = ['accuracy'])

return model

model = create_model()
print(model.summary())

Layer (type) Output Shape Param #

dense_1 (Dense) (Nene, 8) 72

dense_2 (Dense) (None, 4) 36

dense_3 (Dense) (None, 1) 5

Total params: 113

Trainable params: 113

Non-trainable params: @

None

In [16]:

def create_model():
# create model
model = Sequential()
model.add (Dense (8, input_dim = 8, kernel_initializer="normal', activation='relu'})
model.add(Denseﬂ4, input_dim = 8, kernel_initializer="normal’, activation="relu'))
model.add (Dense (1, activation='sigmoid'})
# compile the model
adam = Adam(lr = 8.81)
model.compile(loss = "binary_crossentropy', optimizer = adam, metrics = ['accuracy']l)

return model




# Define a random seed

seed = 6
np.random.seed (seed)

# Start defining the model

def create_model():
# create model
model = Sequential()
model.add (Dense(8, dnput_dim = 8, kernel_initializer='normal', activation='relu'})
model.add (Dense(4, dinput_dim = 8, kernel_initializer='normal', activation='relu'})
model.add (Dense(1l, activation="sigmoid'})

# compTle the model

adam = Adam(lr = ©8.81)

model.compile(loss = 'binary_crossentropy', optimizer = adam, metrics = ['accuracy'l)
return model

In

[1a8]:

# Define a random seed
sead = 6
np.random.seed(sesd)

# Start defining the model

def create_model():
# create model
model = Sequential()
model.add (Dense(8, dnput_dim = &, kernel_initializer='normal', actiwvation="relu'))
model.add(Dense(4, dnput_dim = 8, kernel_initializer='normal', actiwation="relu'))
model.add(Dense(l, activation='sigmoid'})

# compile the model

adam = Adam(lr = 8.61)

model.compile(loss = 'binary_crossentropy’, optimizer = adam, metrics = ['accuracy'l)
return model

# create the model
model = KerasClassifier(build_fn = create_model, verbose = @)

# define the grid search parameters
batch_size = [10, 28, 48]
epochs = [18, 50, 16@0]

# make a dictionary of the grid search parameters
param_grid = dict(batch_size=batch_size, epochs=epochs)




# Do a grid search for the optimal batch size and number of epochs
# Define a random seed

seed = 6

np.random.seed (seed)

# Start defining the medel

def create_model():
# create model
model = Sequential(}
model.add (Dense(8, input_dim = 8, kernel_initializer='normal', activation='relu'))
model.add (Dense(4, dinput_dim = &, kernel_initializer='normal', activation='relu'))
model.add (Dense(1l, activation='sigmoid'})

# compile the model

adam = Adam(lr = ©.01)

model.compile(loss = 'binary_crossentropy’, optimizer = adam, metrics = ['accuracy'])
return model

# create the model
model = KerasClassifier(build_fn = create_model, verbose = 8)

# define the grid search parameters
batch_size = [18, 28, 48]
epochs = [18, 58, 168]

# make a dictionary of the grid search parameters
param_grid = dict{batch_size=batch_size, epochs=epochs)

# build and fit the GridSearchCV
grid = GridSearchCV{estimater = model, param_grid = param_grid, cv = KFold(random_state=seed), verbose = 18)
grid_results = grid.fit(X_standardized, Y)

# summarize the results

print("Best: {8}, using {1}".format(grid_results.best_score_, grid_results.best_params_)}

means = grid_results.cv_results_["mean_test_score']

stds = grid_results.cv_results_['std_test_score']

params = grid_results.cv_results_[

for mean, stdev, param in zip(means, stds, params):
print('{8} ({1}) with: {2}'.format(mean, stdev, param))

params "]




Fitting 3 folds for each of 9 candidates, totalling 27 fits
[CV] batch_size=10, epochs=10
[CV] batch_size=10, epoch
[CV] batch_size=10, epochs=10
[Parallel(n 1)]: Done 1 out of 1 | elapsed
[CV] batch_size=10, epochs=10, score=0.7633587722559921, total=
[CV] batch_size=10, epochs=10 .......

9.7s remaining:
7.25

[Parallel(n_jobs=1)]: Done 2 out of 2 | elapsed: 17.
[CV] batch_size=10, epochs=10, score=0.8230769175749558, total=  6.6s
[CV] batch_size=10, ePOCRST50 ..ueeetersusoieaeeereisiiaiaeeeeiis .

[Parallel(n_jobs=1)]: Done 3 out of 3 | elapsed: 23.7s remaining
[CV] batch_size=10, epochs=50, score=.7175572619183372, total= 55.7s
[CV] batch_size=10, epOChS=S0 ...veereerrvsnnnnnns e

[Parallel(n_jobs=1)]: Done 4 | elapsed: 1.3min remaining
[CV] batch_siz .7328244229309432, tota 14.4s
[CV] batch_size=10, epochs
[Parallel(n_jobs=1)]: Done
[CV] batch_size=10, epochs=50, score=
[CV] batch_siz @, epochs=100 ......

[Parallel(n_jobs=1)]: Done 6 out of
[CV] batch_size=10, epochs=100, score=0.7251908469746131, total=
[CV] batch_siz , epochS=100 ..vuuriniirnnrnnnns e .
[Parallel(n_jobs=1)]: Done 7 out of 7 | elapsed: 2.1min remaining

[CV] batch_size=10, epochs=100, score=0.7328244297559025, total= 15.1s
[CV] batch_size=16, epochS=100 . .veeerreerseeernnns .
[Parallel(n_jobs=1)]: Done 8 | elapsed: 2.4min remaining:

[CV] batch_size=10, epochs=100, score=0.8153846080486591, total= 15.4s
[CV] batch_size=20, epochs=18

5 | elapsed: 1.6min remaining
.8153846126336318, total= 14.5s

17.2s

°

[Parallel(n_jobs=1)]: Done 9 out of

[CV] batch_size=20, epochs=10, score=0. 8.2s
[CV] bateh_si2e=20, POCRSZ10 ..uteuuut e rnee st ateaiaateeiianns
[CV] batch_size=20, epochs=10, 8.7s

[CV] batch_size=20, epochs
[CV] batch_size=20, epochs=1e,
[CV] batch_size=20, epochs
[CV] batch_size=20, epochs=50, score=0.7557251844697326,
[CV] batch_size=26, epochs=50 .
[CV] batch_size=20, epochs=56, scor

.7709923796071351,

[CV] batch_size=20, epochs=50 ......
[CV] batch_size=20, epochs=50, scor
epoch

[CV] batch_size=20

.8000000165059016, tota

[CV] batch_size=20, epochs=100, score=0.748091594863484

[CV] batch_size=20, epochs=100

[CV] batch_size=20, epochs=100, score=0.7862595488096922

[CV] batch_size=20, epochs=100 i
[CV] batch_size=20, epochs=100, score=0.8230769359148465, total= 12.7s
[CV] batch_size=40, epochs=16

[CV] betch_size=4e, epochs=10,
epochs=10 ..
[CV] betch_size=4e, epochs=10,

[CV] batch_siz

40,

[CV] batch_size=40,
[c
[CV] batch_size=40,
[CV] batch_size=a0
[CV] batch_siz
[CV] batch_size=a0
[CV] batch_size=40,
[CV] batch_size=a0
[CV] batch_size=40,
[CV] batch_size=a0
[CV] batch_size=40,
[CV] batch_size=a0
[CV] batch_size=40,

©.7780612187117947
.7551020417286425
7576530619847531
7653061229051376
7755102118363186
7857142895156023
7704081591598841
7908163227292956
.7627551034092903

coooo00 00

epochs=10 ......

batch_size=4e0, epochs=10,

epochs=50 ......

, epochs=50,

epochs=50 ......

, epochs=50,

epochs=50 ......

, epochs=50,

epochs=100 e

, epochs=100, score=0.7175572546383807, total=  9.8s
epochs=100

epochs=100, score=0.7769923695971947
epochs=100 . B
[CV] batch_size=40, epochs=100, score=0.793999998166011, tota
[Parallel(n_jobs=1)]: Done
Best: ©.7908163227282956, using {'batch_size': 40
(o.
(e.
(e.
(e.
(o.
(o.
(o.
(o.
(o.

27 out of 27 | elapsed: 5.6min finished

'epochs': 50}

{'batch_size': 10, 'epochs': 10}
04291935222102097) with: {'batch_size': 10, 'epochs': 50}
0407857977678057) wit {'batch_size': 10, 'epochs': 100}
030785719311948196) with: {'batch_size': 20, 'epochs': 10}
018344839015040526) with batch_size': 20, 'epochs': 5@}
030595321909261793) with: {'batch_size': 20, 'epochs': 100}
04305242641100368) with: {'batch_size': 40, 'epochs': 16}
0338015720829859) with: {'batch_size': 46, 'epochs': 50}
03413789315396789) with: {'batch_size': 40, 'epochs': 100}

0323174727132797) with:




In [15]: |# Do @ grid search for the optimal batch size and number of epochs
from keras.layers import Dropout

# Define a random seed
seed = 6
np.random.seed(seed)

# Start defining the model

def create_model():
# create model
model = Sequential()
model.add(Dense(8, input_dim = 8, kernel_initializer="normal', activation="relu')})
model.add(Dense(4, input_dim = 8, kernel_initializer="normal', activation="relu'))
model.add(Dense(l, activation='sigmoid'))

inary_crossentropy’, optimizer = adam, metrics = [ "accuracy’])

return model

# create the model
model = KerasClassifier(build fn = create_model, verbose = @)

# define the grid search parameters

batch_size = [18, 28, 48]

epochs = [18, 5@, 188]

# make a dictionary of the grid search parameters
param_grid = dict(batch_size=batch_size, epochs=epochs)

# build and fit the GridSearchcV
grid = GridSearchCV(estimator = model, param_grid = param_grid, cv = KFold(random_state=seed), verbose = 18)
grid_results = grid.fit(X_standardized, Y)

# summarize the results
print{"Best: {8}, using {1}".format(grid_results.best_score_, grid_results.best_params_))
means = grid_results.cv_results_[ 'mean_test_score’]
stds = grid_results.cv_results_[ 'std_test_score']
params = grid_results.cv_results_[ 'params’]
for mean, stdev, param in zip(means, stds, params):
print(*{@} ({1}) with: {2}'.format(mean, stdev, param))

# Start defining the model
def create model({learn_rate, dropout rate):
# create model
model = Seguential()
model.add(Dense(8, input dim = 8, kernel initializer="normal', activation="relu"))
model . add(Dropout{dropout_rate))
model.add(Dense(4, input_dim = 8, kernel_initializer="normal', activation='relu"))
model. add(Dropout{dropout_rate))
model.add(Dense(1l, activation="sigmoid'})

# cregte the model
model = KerasClassifier(build_fn = create_model,

epochs = 188, batch_size = 291 verbose = 8)




# define the grid search parameters
learn_rate = [©.861, 8.81, 8.1]
dropout_rate = [8.8, 8.1, 8.2]

# make a dict

io0

ionary of the grid search parameters

param _grid = dict(learn_rate=learn_rate, dropout rate=dropout rate)

Fitting 3 folds for each of 9 candidat
[cV] dropout_rate=8.8, learn rate=e.ee
[CV] dropout_rate=g.
[CV] dropout_rate=@.

[Parallel(n_jobs=1)]: Done 1 out of

[cV] dropout_rate=0.8, learn_rate=g.o
[cv] dropout_rate=e.8, learn_rate=8.8@

[Parallel(n_jobs=1)]: Done 2 out of

[CV] dropout_rate=8.0, learn_rate=e.0
[cv] dropout_rate=e.e, learn_rate=0.81

[Parallel(n_jobs=1)]: Done 3 out of

[CV] dropout_rate=2.s, learn rat 9 a
[CV] dropout_rate=8.8, learn rate=@.

[Parallel(n_jobs=1)]: Done 4 out of

[CV] dropout_rate=8.e, learn_rate=e.0:
[CV] dropout_rate=8.@, learn_rate

[Parallel(n_jobs=1)]: Done 5 out of

[cv] dropout_rate=e.8, learn_rate=e.8
[cv] dropout_rate=8.8, learn_rate=8.

[Parallel(n_jobs=1)]: Done 6 out of

[CV] dropout_rate=8.e, learn_rate=e.1
[CV] dropout_rate=0.@, learn_rate=0.1

[Parallel(n_jobs=1)]: Done 7 out of

[cv] dropout_rate=e.e, learn_rate=e.l
[cv] dropout_rate=8.8, learn_rate=8.1

[Parallel(n_jobs=1)]: Done 8 out of

[CV] dropout_rate=e.e, learn_rate=e.1
[CV] dropout_rate=8.1, learn_rate=0.0@:

[Parallel(n_jobs=1)]: Done 9 out of

es, totalling 27 fits [CV] dropout_rate=@.1, learn_rate=0.801, score=8.725190845154624, total=
L e [CV] dropout_rate=8.1, learn_rate

74880161397337, total= 26.3s [CV] dropout_rate=8.1, learn_rate-0.801, score=8.7633587088008864, total=
"""""""""""""""" [cV] dropout_rate=8.1, learn_rate=0.801 ......
1| elapsed: 26.4s remaining: 9.05 [cv] dropout_rate=8.1, learn_rate=8.8@1, score=@ 83846153662754911 total=
[CV] dropout_rate=8.1, learn_rate=8.81 .......
81, score=0.778625060113438, total=  5.1s [Cv] dropout_rate=e.1, learn_rate=e.81, score=8.7484588234571267, total=
Lo [CV] dropout_rate=8.1, learn rate=0.01 ........civuinieneinneinnnnnns
2 | elapsed: 31.6s remaining: 8.8s [cv] dropout_rate=e.1, learn_rate=0.81, score=0.7488916848734243, total=
[CV] dropout_rate=8.1, learn_rate . .
Bl, score-0.8461533553237015, total-  5.0s [CV] dropeut_rate=8.1, learn_rat ,830769226271198, total=
"""""""""""""""" [CV] dropout_rate=8.1, learn_rate=0.1 ...
3 | elapsed: 36.7s remaining: 9.05 [cv] dropout_rate-8.1, learn_rate-8.1, score-0. 799923669927161@ tutal_
[cv] dropout_rate=8.1, lear‘nirate- e
1 5-8s [cv] dropout_rate-e.1, learn_rate=e.1, score-@.7789923736921763, total-
[CV] dropout_rate=8.1, learn_t Fate=B.l tuiriiiriininanins
4 | elapsed: 41.8s remaining: 8.0s [CV] dropout_rate=e.1, learn_rate=@.1, score=6. 7769239533425386 total=
[CV] dropout_rate=8.2, learn_rate=0.861
1. score=@.7862505406187408, total-  S.@s [cv] dropout_rate=e.2, learn_rate=e.801, score=0.74@4588152671756, total=
[CV] dropout_rate=8.2, learn_rate

5 | elapsed: 46.9s remaining: 8.8s [cv] dropout_rate=8.2, learn_rat

[cv] dropout_rate=8.2, learn_rate
.7769230741720933, total= 5.1s [V] dropout_rate-g.2, learn rat
[cv] dropout_rate=e.2, learn_rate

1, scor

6 | elapsed: 52.1s remaining: 8.0s [CV] dropout_rate=@.2, learn_rate=@.81, score=0.740453014357181, total=
[CV] dropout_rate=8.2, learn_rate=8.81 ....uivviirivuanrnnriineinneines

» Score=0.6946564858196346, total-  5.6s [CV] dropout_rate=.2, lsarn_rate=e.81, score=@.778092366407240, total=
""""""""""""""""" [CV] dropout_rate=8.2, learn_rate=0.81 ...... s

.8153846218835772, total=

7 | elapsed: 57.2s remaining: 8.0s [cv] dropout_rate=8.2, learn_rate=e.81, scores!

[cv] dropout_rate-8.2, learn_rate

, score=@.763358779990946, total=  5.1s [cv] dropout_rate=8.2, learn rat
................................ [ov] dropout_rate=g.2, learn_pate
8 | elapsed: 1.@min remaining: @.8s [CV] dropout_rate=e.2, learn_rat
[CV] dropout_rate=8.2, learn_rate
[CV] drcpout_rate=e.2, learn_rate= 9 1, score=@. 699999958979971 tutalf

, Score=@.800000011020029, total= 5.7s
L e

o | elapsed: 1.1min remaining: a.0s [Parallel(n_jobs=1)]: Done 27 out of 27 | elapsed: 3.2min finished

Best: ©.7908163351976142, using {'dropout_rate’: @.8, 'learn_rate': @.ee1}

©9.79688163351976142 (0.04092945245626919) with: {'dropout_rate’: @.e, 'learn_rate’: 6.801}
.7678571411845635 (0.819781398964752953) with: {'dropout_rate': .8, 'learn_rate': .81}
.7525518239@53745 (9.8436552988563337) with: { dropout_rate’ .8, 'learn_rate

.7755102@98993786 (©.84706773782551412) with: {'dropout_rate
.77295018884326 (©.040840932450678844) with: {’dropout_rate’
.7525510236012692 (©.83029656314273123) with: {'dropout_rate': X
.783163269167439 (8.8480831279769419) with: { dropout_rate’: @.2, 'learn_rate’
.77551028392958 (©.038736828865651223) with: {'dropout_rate’: ©.2, 'learn_rate
.7183877523658020 (©.82073466068352178) with: {'dropout rate’: 8.2, 'learn_rate’:

(]
2]
2]
]
] a.
] 2
]

]

5.7s

5.7s

5.95

6.45

6.8s

6.5s

6.45

6.15

7.1s

7.3s

7.3s

7.25

7.3s

6.8s

6.7s

6.9s

6.8s

6.95




In [28]: |# Do @ grid search for Learning rate and dropout Patd
# import necessary packages

# Define a random seed
seed = 6
np.random.seed(seed)

# Start defining_the model

def cr‘eate_model
# create model
model = Sequential()
model.add(Dense(8, input_dim = 8, |kernel_initializer= init, activation= activation))
model.add (Dense(4, input_dim = 8, kgrnel initializer= init, activation= activation))
model .add(Dense(1, activation="sigmoid'})

# compile the model

adam = Adam(lr = 8.@@1

model.compile(loss = 'binary_crossentropy', optimizer = adam, metrics = ['accuracy'])
return model

# create the model
model = KerasClassifier(build fn = create_model, epochs = 188, batch_size = 28, verbose = 8)

# define the grid search parameters
learn_rate = [@.€01, 8.61, 8.1]
dropout_rate = [8.8, 8.1, 8.2]

# make g dictionary of the grid search parameters
param_grid = dict(learn_rate=learn_rate, dropout_rate=dropout_rate)

# build and fit the GridSearchCV
grid = GridSearchCV(estimator = model, param_grid = param_grid, cv = KFold(random_state=seed), verbose = 18)
grid_results = grid.fit(X_standardized, Y)




Fitting 3 folds for each of 12 candidates, tntalling 36 fits

[cv]
[cv]
[ov]

activation=softmax, init=uniform .

activation=softmax, ini niform, score G 755725223579613?, total= 5.2s
activation=softmax, init=uniform . e .
[Parallel(n_jobs=1)]: Dene 1 out of 1 | clapsed:  5.25 remeining:  0.9s

[cv]
fev]

[Parallel(n_jobs=1)]: Done

[ov]
23]

[Parallel(n_jobs=1)]: Done

activation=softmax, init=uniform, score=9.75572528839486378, total= 5.5s
activation=softmax, init=uniform

2 out of 2 | elapsed: 18.9s remaining: .05

activation=softmax, init=uniform, score=0.8153846218035772, total=  6.5¢
activation=softmax, init=normal

3 out of 3 | elapsed: 17.4s remaining: .85

[Cv] activation=softmax, init=normal, score=@.6106870242657553, total= 6.1z
[Cv] activation=softmax, INIT=nOPMAl ..........ceeeeeceesieenrnniennns
[Parallel(n jobs=1)]: Done 4 out of 4 | elapsed: 23.6s remsining:  ©.8s
[cv] activation=softmax, init=normal, score=@.7557252003946378, total= 5.7s
[Cv] activation=softmax, INIT=nOPMAl ..........ceeeeeceeeieeninrienens
[Parallel(n_jobs=1)]: Done 5 out of 5 | elapsed: 29.4s remsining:  ©.8s
[CV] activation=softmax, init=normal, score=@.8230769267449012, total= 5.1s
[CV] activstionssoftmax, init=Zero ......................

[Parallel(n_jobs=1)]: Done 6 out of & | elapsed: 34.65 remaining:  ©.0s
[CV] activation=softmax, init=zero, score=0.6106376242657553, total= 5.2
[CV] activstion=softmax, init=zero .

[Parallel(n_jobs=1)]: Done 7 out of 7 | elapsed: 48.8s remaining:  ©.0s

vl

[Parallel(n_jobs=1)]: Done

[ev]
[cv]

[Parallel(n jobs=1)]: Dene

activation=softmax, ini

8 out of

8 | elapsed:

45.5s remaining:

activation=softmax, init=zero, score=8.699999383079871, total= 5.2s
activation=relu, init=uniform .

9 out of 9 | elapsed: 5@.8c remsining:

activation=relu, init=uniform, score=8.7328244347688727, total= 5.5s
activation=relu, init=uniform

activation=relu, ini
activation=relu, init
activation=relu, init=
activation=relu, init
activation=relu, ini
activation=relu, init
activation
activation:
activation
activation
activation=relu, ini

unlfnrm

[CV] activetion=relu, init=zero .

[cv] activation=relu, ini
V] activstion=relu, init=zero

C activation=relu, ini

V] activation=tanh,

V] activation=tanh,

V] activationstanh, init=uniform

V] activation=tanh, ini

V] activation=tanh,

V] activation=tanh,

cv] activation=tanh, .

cv] activation=tanh, init=normal, score=0.7633587842859216, total=  6.1s

anh, init=normal

activation=tanh,
activation=tanh,
activatio
activation=linear, init

v
v
V)
v
v
v
v
v
v
v
CV] activation=
V)
v
v
v
v
v
v
v
V)
v
v

V] activation=tanh, init=normal, score=0.7786253692133838, total= 6.4s
V] activationstanh, init=normal i

cv] activation=tanh, ormal, score=0.8384615366275494, total=  7.1s
V] activation=tanh,

V] activation=tanh,

V] activation=tanh,

cv] activation=tanh,

7729923545922245 total 7.1s

‘uniform'}

“normal'}

‘zera'}

‘uniform'}

*normal'}

ero'}
‘uniform'}

“normal'}

‘zero'}
“uniform® }
“normal'}

[cv] activation=linear, init s e .
[a') activation=linear, init: .7633587900088864, total 6.8s
V] activation=linear, init s PR .

v activation=linear, init: .B461538553237915, total 7.0
cv] activation=linear, init e e .

Cv] activation=linesr, init=normal, .7765523554922788, total=  7.3s
CV] activatior i ini orma. - . .

(o) activation=linear, init=normal, scor: .7633587200003864, tota 7.2s
V] activatior ormal PR e .

oV activation=linear, init=normal, scor: .8384615457974948, tota 7.5s
V] activatior i ini ero . PR e

[a') activation=linear, init=zero, .6106870242657553, total 7.3s

CV] activatior ero . PR e

Cv] activation=linear, init=zero, .6046554958295748, total=  7.53

cv] activatio ero e e

(o) activation=linear, init=zero, score=8.693999933: 9871, tota 7.65
[Parallel{n_jobs=1)]: Done 36 out of 36 | elapsed: 3.8min finished

Best: @.7933673531729348, using {'activation’: "tanh’, 'init’: “normal'}
7755102136609585 (@.023087641954935023) with: {'activation': ‘softmax', 'init":
7295918416003792 (0.08868773018104312) with: {'activation “softmax’, “init
8.6683673458744868 (0.0840922317811154695) with: {'activation': “softmax’, 'init":
@8.7678571475707755 (@.83939442859435707) with: {'activation “relu’, 'init':
©.7806122493874865 (0.049819449702508574) with: {'activation': 'relu', 'init':
©.6683673458744068 (0.040922317911154695) with: {'activation': ‘relu’, 'init’
©.7831632721484924 (@.02879958859349298) with: { activation “tanh’ init
0.7933673531729348 (@.032371719458446684) with: { activation': 'tanh’, 'init’
0.6683673458744068 (0.840322317911154695) with: {‘activation': “tanh’, 'init':
7933673531729348 (@.037313655933021314) with: {'activation': ‘linear', ‘init
8.7988163291155@76 (@.08337@61659339@663) with: {'activation “linear®, ‘init":
@8.6683673458744868 (0.0840922317811154695) with: {‘activation': ‘linear’, ‘init

zero'}




Fitting 3 folds for each of 9 candidates, totalling 27 fits

[EV] NEUrONI=4, MEUFON2=2 +.oernneee e e eme e e e ene e e naneeenns
[cV] ... neuronl=4, neuron2= .77089923645922245, total= 14.9s
[CV] neuronl=4, NEUFON2=2 o .uuuueieeesssuneoasssssesnnssnssnnnnssnnans

[Parallel({n_jobs=1)]: Done 1 | elapsed: 15.8s remaining:

[CV] ... neuronl=4, nsuron2= .7633587900008364, total= 13.3s
[CV] neuronl=4, MEUPON2=2 . u.uu.ieeennuuneaanssssernnsssssnnnnssnnans

[Parallel(n_jobs=1)]: Done 2 out of 2 | elapsed: 28.4s remaining:

[CV] ... neuronl=4, nsuron2=2, score=0,8238769267442012, total= 17.4s
[EV] Neuronl=4, NEUFON2=8 ... ..u.eeenneesnnnesenneresnnneeenaneeenns

[Parallel(n_jobs=1)]: Done 3 out of 3 | elapsed: 46.8s remaining:

[CV] ... neuronl=4, neuron2=4, score=0.7789923645922245, total= 11.5s
[EV] NEUrONI=4, MEUFONZ=A L. utssasssnsus e eeeeeeeaaaesanneaeans

[Parallel(n jobs=1)]: Done 4 out of 4 | elapsed: 57.6= remaining:

[CV] ... neuronl=4, neuron
[CV] neuronl=4, neuron2=4

[Parallel(n jobs=1)]: Done 5 out of 5 | elapsed: 1.lmin remaining:

[cV] ... neurcnl=4, neurcn2=4, score=0.8153846218035772, total= 11.3s
[CV] neuronl=4, NEUrON2=8 +..uusssassaanasssansssrssesssnsssnnnssnsans

[Parallel(n_jobs=1)]: Done 6 out of & | elapsed: 1.3min remaining:

[CV] ... neuronl=4, nsurcon2=8, score=0.7633587749859759, total= 17.1s
[EV] NEUrONI=4, MEUFON2=8 +.uevnneeeenaemene e e ene e aeenaneennns

[Parallel(n_jobs=1)]: Done 7 out of 7 | elspsed: 1.6min remaining:

[€V] ... neurenl=4, neuron2:
[CV] NEUrONT=2, MEUFON2SS . ..eeuuta e naaeeeeeainnaaaaeeaannnanas

[Parallel(n_jobs=1)]: Done 8 out of & | elapsed: 1.8min remaining:

[CV] .... neuronl=4, neuron2=8, score=0.838769236271198, total= 12.5s
[CV] NEUron1=8, MEUFONZ=Z . ..uussassnnsnns s eeeeeeeaaansanneaeans

[Parallel(n_jobs=1)]: Done 9 out of © | elapsed: 2.1min remaining:

[cv] ... neuronl=8, neuron2=2, score=0.7633587840859216, total= 17.1s
[CV] neuronl=8, NEUron2=2 ......ssees

[ev]
[ev]
[ev]
[ev]
[ev]
[cv]
[ev]
[ev]
[ev]
[cv]
[ev]
[ev]
[cv]
[ev]
[ev]
[ev]
[cv]
[ev]
[ev]
[ev]
[ev]
[ev]
[ev]
[cv]
[ev]
[ev]
[ev]
[ev]
[ev]
[ev]
[cv]
[ev]
[ev]

. neuronl=8, neuron2=2, score=0.7633587000008864, total= 13.9s
neuronl=8, neuron2=2 .........
. neuronl=8, neuron=2, scor
neuronl=8, neuron=4 .
. neuronl=8, neuron2=4, scor
neuronl=8, neuron2=4 .
. neuronl=8, neuron2=4, scor
neuronl=8, neuron2=4 ..
«+. neuronl=8, neuron2=4, score:
neuronl=8, neuron2=8 ..
. neuronl=8, neuron2=8, score=@.7633587848853216, total= 11.5s
neuronl=8, neuron2=8 ..

.8384615457374043, tota 18.5s

. neuronl=8, neuron2=8, score=0.7633587200008864, tota 11.7s
NEUPENI=E, MEUPGNZEE 1t tas s et e e e e e e s eeaeeeiaenaeneeenns
. neuronl=8, neuron2=8, score=@.838769236271198, tota 12.3s
NEUFGAT=16, REUFONZ=2 «tae e e n e eaee et aa e nee e e aeeaanneenns
. neurcnl=16, neuron2=2, score=0.7633587840853216, tota 13.5s5
NEUrENL=16, NEUFGNZE2 o\ eans s enene s e enanen e e e aenenenaeneneneenes
. neuronl=16, neuron2=2, scor .7633587900008864, tota 14.7s
neuronl=16, neuron2=2 ........
. neurcnl=16, neuron2=2, scor .8461538553237915, tota 13.2s
NEUrONT=16, NEUFONZZE .\ euns e e s e e e e n e e e aeenenaeneneneenes
. neuronl=16, neuron2=4, scor .7729923645922245, tota 12.7s

neuronl=16, neuron2=4 ........
. neurcnl=16, neuron2=4, scar
neuronl=16, neuronZ=4 .
«.. neuronl=16, neuron
neurenl=18, neuron2=8
. neurcnl=16, neuron2=3, scor
neuronl=16, neuron2=8
. neuronl=16, neuron2=8, score:
neuronl=16, neurcn2=8§
. neuronl=16, neuron2=8, score=0.838769236271198, total= 2.9min

[Parallel(n_jobs=1)]: Done 27 out of 27 | elapsed: 8.9min finished

Best:
0.785714290123813 (0.02650267677583863) with: {'neuronl’
©.7882653126607135 (0.019356887898682556) with: { neuronl
.7857142%0123813 (0.03173682706863349) with: {'neurconl':
7882653141812482 (@.03535836258888925) with: {'neuronl
7882653111401869 {@.03535836473161593) with: {'neuronl': 8, 'neuron2': 4}
7857142931648663 (@©.031736824926506764) with: {'neuronl’: 8, ‘neuren2': 8}
7998163351976142 (@.03897998825127174) with: {'neuronl’: 16, ‘neurcon2': 2}
7908163306360342 (0.03378616199600475) with: {'neuronl’: 16, ‘neuron2': 4}

®

ERR-N-N-

@.7208163351976142, using {'neuronl': 16, 'neuron2': 2}

4, 'neuron2': 2}
4, ‘neuren2': 4}
"neuren2': 8}

1 8, 'newron2': 2}

©.7857142931648663 (0.031736824926506764) with: {'neuronl’: 16, ‘neuron2’: 8}

In [23]:

print{y_pred.shape)

(392, 1)

In [24]:

print(y_pred[:5])




In [25]: | # Generate a classification report
from sklearn.metrics import classification_report, accuracy_score

print(accuracy_score(Y, y_pred))
print(classification_report(Y, y_pred))

2.78061224489795092

precizion recall fl-score  support
) @.81 .89 e.84 262
1 @.71 .57 a.83 13@
avg / total a.77 a.78 a,.77 392
In [23]: example = df.iloc[1]
print(example)
n_pregnant .00
glucose concentration 137. 088
blood pressure (mm Hg) 4a. 688
skin_thickness (mm) 35. 888
serum_insulin (mu U/ml) 158,688
BMI 43.1ea
pedigree function 2.288
age 33,088
class 1.888
Mame: &4, dtype: floatsd

In [27]: | prediction = grid.predict(X_standardized[1].reshape(1, -1))
print(prediction)

[[1]]




Chapter 3: DNA Classification

Python: 3.8.5 |Rnaconda, Inc.| (default, Mar 29 2018, 13:32:41) [MSC v.1900 o4 bit (2MDe4)]
Numpy: 1.14.3

Sklearn: 0.19.1
Pandas: 0.23.0

In [3]: print(data.iloc[0])

Class +
id 510
Sequence “t\ttactagcaatacgcttgcocgtteggtggttaagtatgtataat. ..

Name: 0, dtype: ocbject

0 +
1 +
2 +
3 +
4 +
Mame: Class, dtype: ckhiject

[*t', 'a', ‘'‘e', 't', 'a', Fgl, ‘e', 'a', 'a', 't', ‘'a', 'c', lgl! e', 't', 't, lgl' e,
I'_gl’ g, 't', 'e', lgl! lgl' £, !gl, lgl' £, 't', 'a', 'a’', I'_gl’ £, 'a', 't', !gl
", ‘'a', 't', 'a', ‘'a', 't', ‘g', ret, lgl' rer, I'_gl’ lgl! lgl’, "e!', 't', 't', ‘g', e,
'e', lgl! e, "4+']




182 182 184 1e5

. 96 97 93 99 1ee 1@l

18

11

12

13

14
15

16

17

53 54 55 5& 57

48 49 50 51 52

s8]

g 9 < g

C

ol

d

a

g t g g t

columns]

[5 rows x 58

48 4% 50 51 5Z 53 54 55 56 Class

g g c

C

[

g g ¢t

t

columns]

[5 rows x 58




0 1 2 3 4 5 ] 7 8 9 48 49 50 51 52 53 54 55 56 Class
count 106 106 106 106 106 106 106 106 106 106 106 106 106 106 106 106 106 106 106 106
unique 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 2
top a a c a a a a a a C C c t C C c t -
freq@q 3% 34 30 30 36 42 38 34 33 36 3/ 42 A 33 35 32 29 29 34 53
4 rows x 58 columns
0 1 2 3 4 5 3 7 3 ] . 45 N
t 38.0 2Z6.0 27.0 Ze.0 22.0 24.0 30.0 32.0 3Z.0 ZB.0 . 21.0
c 27.0 2z2.0 21.0 30.0 1%.0 18.0 21.0 20.0 2Z.0 ZZ.0 . 36.0
a 26.0 34.0 30.0 22.0 3.0 42.0 38. 34.0 33.0 36.0 . 23.0
g 15.0 24.0 28.0 28.0 2%.0 22Z.0 17.0 20.0 1%.0 Z0.0 . 26.0
- NaN NalN NalN NalN NaN NaN NaN NaN NaN NaN . NaN
+ NaN NalN NalN NalN NaN NaN NaN NaN NaN NaN . NaN
49 50 51 52 53 54 55 56 CClass
t 22Z.0 23.0 33.0 35.0 30.0 23.0 29.0 34.0 NaN
c 42.0 31.0 32.0 21.0 32.0 2%.0 25.0 17.0 NaN
a 24.0 28.0 27.0 25.0 22.0 2.0 24.0 27.0 NaN
g 18.0 24.0 14.0 25.0 22.0 28.0 24.0 28. NaN
- NaN NalN NalN NalN NaN NaN NaN NaN 53.0
+ NaN NalN NalN NaN NaN NaN NaN NaN 53.0
[6 rows ®x 58 columns]

0a 0c 0g 0t 1a 1c¢

1g 1.t 2a 2c¢c ..

55 a 55 ¢ 55¢g 55t 56a 56c 56 ¢

56_t Class_+ Clas

s _-

0 0
1 0
2 0
3 1
4 0

0

0
0
0
0

0
0
1
0
0

1 1

1 0
0 0
0 1
1 0

5 rows x 230 columns

0

0
0

0

1
0

0

0
1

0

0
1

1

1
0

0

1
0

0

0
1

1

0
0
0
0

0

0
]

0

o o o

0

0
0

0

0
1

1 1

1
1

o o o o

0

0
0




Y

0

55_c

0

55_a

0

54 t

Class

t
1

56

[5 rows x 229 columns]

HDED A DD E AD DDA A DD 00 ADD0 A D@D @@

49 t
58 _a
58_C
58 g
@t
sl a
sl c
51 g
51t
52 A
52 C
52 g
52t
53 a
53 c
53 g
53t
54 A
54 C
54 g
=4 t
55 @
55 C
55 g
55t
S6_a
56_C
56 g
ce_t
Class

DD ADAD200E A000 A 0000 A00A000A00A

Mame: &2, Length: 229, diype: uints




Nearest Neighbors: ©.823214 (©.113908)
Gaussian Process: ©.873214 (9.056158)
Decision Tree: ©.698214 (0.201628)
Random Forest: ©.607143 (0.162882)

Neural Net: ©.875000 (0.096825)
AdaBoost: ©.925000 (0.114564)
Naive Bayes: ©.837500 (0.137500)
SVM Linear: ©0.850000 (0.108972)
SVM RBF: ©.737500 (©.117925)
SVM Sigmoid: ©.569643 (0.159209)




Nearest Meighbors
8.7777777777777778

precision

@ 1.68

1 @.62

avg / total 8.86

Gaussian Process
©.5838888835838888

precision

@ 1.68

1 e.77

avg / total 8.91

Decision Tree
@.7777777IT7ITITITI8

precision

@ 1.68

1 B.62

avg / total 8.36

Random Forest
8.5925925925925926

precision
@ B.88
1 8.47
avg / total 8.73
Meural Net
8.9258250250250259
precision
@ 1.68
1 B8.83
avg / total 8.94

recall

recall

recall

8.41
.98

recall

fl-score

fl-score

fl-score

support

17
1@

27

support

17
1@

27

support

17
1@

27

support

17
1@

27

support

17
1@

27

AdaBoost
8.8518518518518519
precision

avg / total

Naive Bayes
8.925925925%259259

precision

a 1.66

1 8.83

avg / total 8.94

SVM Linear
8.9629629629629629

precision
a 1.66
1 e.91
avg / total 8.97
SVM RBF
@.777TITIITITIVIIG
precision
a 1.66
1 @.62
avg / total 8.36

SvM Sigmoid
8.4444444444444444

precision

a 1.66

1 B.48

avg / total 8.78

recall

recall

recall

recall

recall

fl-score

fl-score

fl-score

fl-score

fl-score

support

17
1@

27

support

17
1@

27

support

17
1@

27

support

17
1@

27

support

17
18

27




Chapter 4: Diagnosing Coronary Artery
Disease

Heart Disease Prediction with Ne X

c

[ Index of /ml/machine-learning-c X

é

8@ https://archive.ics.uci.edu/ml/mach

Index of /ml/machine-learning-databases/heart-disease

Name

: Parent Directory

[#] Index

WARNING

ask-detrano

[#] bak

ﬂ cleve.mod

@ cleveland data

(23 costs/

heart-disease.names
hungarian data

@ long-beach-va data

new.data

@ processed hunganan data
@ processed. switzerland.data

processed cleveland data

@ processed.va.data
@ reprocessed hungarian data

@ switzerland data

]

Apache’2

Last modified

03-Dec-1996 04:02
31-Jan-1990 18:2
15-Mar-1990 09:49
14-Aug-1991 15:20
13-Mar-1990 11:29
31-Jan-1990 18:16
03-Dec-19596 04:02
06-Jun-1990 10:35
15-Mar-1990 09:21
30-May-1989 13:49
20-Tul-1990 12:28
06-Mar-1990 00:14
14-Aug-1991 15:19

14-Aug-1991 15:34 4

14-Aug-1991 15:27
23-Jul-1996 11:06
30-May-1989 13:49

Size Description

644
407

6.6K
23K
59K

2,15 (CerrOS) Server ar archive.ics.uci.edu Port 443




Python: 2.7.13 |Continuum Analytics, Inc.| (default, May 11 2817, 12:17:26) [MSC v.1588@ 64 bit (AMD&4)]
Pandas: @.21.8

Numpy: 1.14.3

Sklearn: @.19.1

Matplotlib: 2.1.@

Keras: 2.1.4

Shape of DataFrame: (383, 14)
age a7

Sex 1

cp 4
trestbps 168

chol 286

ths 8
restecg 2
thalach 188

axang 1
oldpeak 1.5

slope 2

ca 3.8

thal 3.8

class 2

Mame: 1, dtype: object




In [25]:

cleveland.loc[288: ]

# print the lLast twenty or so data points

Out[25]: age sex cp trestbps chol fbs restecg thalach exang oldpeak slope c¢a thal class
280 570 1.0 40 110.0 3350 00 00 143.0 1.0 30 20 10 7.0 2
281 470 10 30 1300 2530 00 0.0 179.0 0.0 0.0 1.0 00 30 0
282 550 00 40 1250 2050 00 1.0 1300 1.0 2.0 20 10 7O 3
283 350 10 20 122.0 1920 00 00 174.0 0.0 0.0 1.0 00 30 0
284 610 1.0 40 1423.0 203.0 00 00 161.0 0.0 0.0 1.0 10 7.0 2
285 530 10 40 1140 3180 00 1.0 140.0 0.0 44 30 30 80 4
286 530 00 40 170.0 2250 1.0 2.0 145.0 1.0 2.8 20 20 80 2
287 530 10 20 125.0 2200 00 00 144.0 0.0 04 20 7 70 0
288 560 10 20 1300 2210 00 20 163.0 0.0 0.0 1.0 00 7O 0
289 550 10 20 1200 2400 00 0.0 169.0 0.0 0.0 30 00 30 0
290 670 1.0 3.0 152.0 2120 00 20 150.0 0.0 08 20 00 7.0 1
291 550 00 20 1320 3420 00 0.0 166.0 0.0 1.2 1.0 00 30 0
292 440 10 40 1200 169.0 00 0.0 1440 1.0 28 30 00 60 2
293 630 1.0 40 140.0 187.0 00 20 144.0 1.0 40 1.0 20 7.0 2
294 630 00 40 1240 197.0 0.0 00 136.0 1.0 0.0 20 00 30 1
295 410 10 20 1200 1570 00 0.0 1820 0.0 0.0 1.0 00 30 0
296 590 1.0 40 1640 176.0 1.0 2.0 90.0 0.0 1.0 20 20 80 &}
297 570 00 40 140.0 2410 00 00 123.0 1.0 02 20 00 70 1
298 450 10 10 1100 2640 00 0.0 1320 0.0 1.2 20 00 YO 1
299 630 10 40 1440 1930 10 0.0 141.0 0.0 34 20 20 YO 2
300 570 10 40 130.0 131.0 00 00 115.0 1.0 1.2 20 10 7.0 E}
301 570 00 20 1300 2360 00 20 174.0 0.0 0.0 20 10 30 1
302 380 10 30 1350 1750 00 0.0 173.0 0.0 0.0 1.0 ? 30 0




In [26]:

out[26]:

# remove missing data (indicated with a "?")
data = cleveland[~cleveland.isin(["?"'])]

data.loc[288:]

age sex cp trestbps chol fbs restecg thalach exang oldpeak slope ca thal class
280 57.0 1.0 40 1100 3350 00 0.0 143.0 1.0 3.0 20 10 7.0 2
281 470 10 30 1300 2530 00 0.0 179.0 0.0 0.0 1.0 00 30 0
282 550 00 40 1280 2050 00 1.0 130.0 1.0 2.0 20 10 70 3
283 350 10 20 1220 1920 0.0 0.0 174.0 0.0 0.0 1.0 00 3.0 0
284 610 1.0 40 148.0 2030 00 0.0 161.0 0.0 0.0 10 10 7.0 2
285 580 10 40 1140 3130 00 1.0 140.0 0.0 44 30 30 60 4
286 580 00 40 1700 2250 10 2.0 146.0 1.0 28 20 20 60 2
287 580 1.0 20 1250 2200 00 0.0 144.0 0.0 0.4 20 NaN 7.0 0
288 56.0 10 20 1300 2210 00 2.0 163.0 0.0 0.0 10 00 70 0
289 56.0 10 20 1200 2400 00 0.0 169.0 0.0 0.0 30 00 30 0
290 &7.0 1.0 3.0 1520 2120 00 2.0 150.0 0.0 0.8 20 00 T 1
291 550 00 20 132.0 3420 00 0.0 166.0 0.0 1.2 10 00 30 0
292 440 10 40 1200 1690 00 0.0 144.0 1.0 28 30 00 60 2
293 63.0 1.0 40 1400 1870 00 2.0 144.0 1.0 4.0 1.0 20 7.0 2
294 63.0 0.0 40 1240 1970 00 0.0 136.0 1.0 0.0 20 00 30 1
205 410 10 20 1200 1570 00 0.0 182.0 0.0 0.0 1.0 00 30 0
296 590 10 40 1640 1760 1.0 2.0 90.0 0.0 1.0 20 20 60 3
297 57.0 0.0 40 1400 2410 020 0.0 123.0 1.0 0.2 20 00 T 1
298 450 1.0 10 110.0 2640 00 0.0 132.0 0.0 1.2 20 00 TO 1
299 680 1.0 40 1440 1930 1.0 0.0 141.0 0.0 34 20 20 TO 2
300 57.0 1.0 40 1300 131.0 00 0.0 115.0 1.0 1.2 20 10 7.0 3
301 570 00 20 1300 2360 00 2.0 174.0 0.0 0.0 20 10 3.0 1
302 380 10 30 1380 1750 00 0.0 173.0 0.0 0.0 1.0 NaN 3.0 0




In [27]: | # drop rows with NaN values from DataFrame
data = data.dropna(axis=@)
data.loc[288:]

Out[27]: age sex cp trestbps chol fbs restecyg thalach exang oldpeak slope ca thal class
280 570 10 40 1100 3350 00 0.0 143.0 1.0 30 20 10 70 2
281 470 10 30 130.0 2530 00 0.0 179.0 0.0 00 1.0 00 30 0
282 550 00 40 128.0 2050 00 1.0 130.0 1.0 20 20 10 70 3
283 350 10 20 1220 1920 00 0.0 174.0 0.0 0.0 1.0 00 30 0
284 610 10 40 1480 2030 00 0.0 161.0 0.0 0.0 10 10 7.0 2
285 580 1.0 40 1140 3180 00 1.0 140.0 0.0 44 30 30 8.0 4
286 5830 00 40 170.0 2250 1.0 20 145.0 1.0 28 20 20 60 2
288 550 10 20 130.0 2210 00 20 163.0 0.0 00 1.0 00 70 0
289 560 10 20 1200 2400 00 0.0 169.0 0.0 0.0 30 00 30 0
290 670 10 30 1520 2120 00 2.0 150.0 0.0 038 20 00 7O 1
291 550 00 20 132.0 3420 00 0.0 166.0 0.0 1.2 1.0 00 30 0
202 440 10 40 120.0 1690 00 0.0 144.0 1.0 28 30 00 60 2
293 630 10 40 1400 1870 00 2.0 144.0 1.0 40 10 20 70 2
294 630 00 40 1240 1970 00 0.0 136.0 1.0 0.0 20 00 30 1
295 410 10 20 1200 1570 00 0.0 182.0 0.0 0.0 1.0 00 30 0
296 590 1.0 40 164.0 176.0 1.0 20 80.0 0.0 1.0 20 20 60 3
297 570 00 40 140.0 2410 00 0.0 123.0 1.0 02 20 00 TO 1
298 450 10 10 1100 2640 00 0.0 1320 0.0 12 20 00 7O 1
299 680 10 40 1440 1930 10 0.0 141.0 0.0 34 20 20 7O 2
300 570 10 40 1300 1310 00 0.0 1150 1.0 12 20 10 70 3

301 570 00 20 130.0 2360 00 2.0 174.0 0.0 0.0 20 10 3.0 1




In [28]: # print the shape and data type of the dataframe
print data.shape
print data.dtypes
(297, 14)
age floatsd
sex floatsd
cp floated
trestbps floated
chol tloatéd
fbs floatéd
restecg floatsd
thalach floatsd
exang floatsd
oldpeak floated
slope floated
ca object
thal object
class inté4
dtype: object

In [29]: # transform data to numeric to enable further analysis
data = data.apply(pd.to_numeric)
data.dtypes

Out[29]: age floathd
sex floatsd
cp floatsd
trestbps floatsd
chol floatsd
fbs floathd
restecg floatad
thalach tloatsd
exang floatad
oldpeak floatsd
slope floatsd
ca floated
thal floatsd
class ints4

dtype: object




In [38]: # print dato choracteristics,

data.describe()

usings pandas built-in describe() function

Out[38]: age sex cp trestbps chol fbs restecg thalach exang oldpeak slope ca thal
297.000000 297.000000 297.000000 297.000000 297.000000 297.000000 297.000000 297.000000 297.000000 297.000000 297.000000 297.000000 297.000000

54.542088 0.676768 3.158249 131.693603 247.350168 0.144781 0.996633 149.599327 0.326599 1.055556 1.602694 0.676768 4.730640

9.049738 0.468500 0964859 17.762806 51.997583 0.352474 0994914  22.941562 0.469761 1.166123 0.618187 0.938965 1.938629

29.000000 0.000000 1.000000 94.000000 126.000000 0.000000 0.000000  71.000000 0.000000 0.000000 1.000000 0.000000 3.000000

48.000000 0.000000 3.000000 120.000000 211.000000 0.000000 0.000000 133.000000 0.000000 0.000000 1.000000 0.000000 3.000000

56.000000 1.000000 3.000000 130.000000 243.000000 0.000000 1.000000 153.000000 0.000000 0.800000 2.000000 0.000000 3.000000

61.000000 1.000000 4.000000 140.000000 276.000000 0.000000 2.000000 166.000000 1.000000 1.600000 2.000000 1.000000 7.000000

77.000000 1.000000 4.000000 200.000000 584.000000 1.000000 2.000000 202.000000 1.000000 5.200000 3.000000 3.000000 7.000000




In [31]:

# plot histograms for each variable

data.hist(figsize = (12, 12))
plt.show()
age ca chol dass
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In [33]:

# convert the data to categorical Labels
from keras.utils.np utils import to categorical

¥ _train = to_categorical(y train, num_classes=None)
¥ _test = to categorical(y_test, num classes=None)
print ¥ _train.shape

print Y_train[:18]

(237L, 5L)
[[@. e.
[@.
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[1.
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[@.
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In [34]:

from keras.models impert Sequential
from keras.layers import Dense
from keras.optimizers import Adam

# define a function to build the keras model

def create_model():
# create model
model = Sequential()
model.add(Dense(8, input_dim=13, kernel_initializer='normal’, activation='relu’))
model.add(Dense(4, kernel_initializer='normal’, activation='relu’))
model.add(Dense(5, activation='softmax’'))

# compile model

adam = Adam(1lr=8.801)

model.compile(loss="categorical_crossentropy’, optimizer=adam, metrics=['accuracy’])
return model

model = create_model()

print(model.summary())

Layer (type) Output Shape Param #

dense_7 (Dense) 112
dense_8 (Dense) (None, 4) 36
dense_9 (Dense) (None, 5) 25

Total params: 173
Trainable params: 173
Non-trainable params: @

None




# fit the model to the training data

model . fit(X_train, Y_train, epochs-100, batch_size-18, verbose

Epoch 1/168
237/237 [=
Epoch 2/168
237/237 [=
Epoch 3/168
237/237 [=
Epoch 4/188
237/237 [=
Epoch 5/180
237/237 [=
Epoch 6/100
237/237 [=
Epoch 7/180
237/237 [=
Epoch 8/180
237/237 [=
Epoch 9/102
237/237 [=
Epoch 1e/1e0
237/237 [=
Epoch 11/100
237/237 [=
Epoch 12/10@
237/237 [-
Epoch 13/10@
237/237 [-
Epoch 14/10@
237/237 [=
Epoch 15/18@
237/237 [=
Epoch 16/10@
237/237 [
Epoch 17/100
237/237 [=
Epoch 18/10@
237/237 [=
Epoch 19/100
237/237 [=
Epoch 20/180
237/237 [=
Epoch 21/180
237/237 [=
Epoch 22/180
237/237 [=
Epoch 23/180
237/237 [
Epoch 24/180
237/237 [=
Epoch 25/180
237/237 [=

Epoch 51/168
237/237 [=
Epoch 52/108
237/237 [=
Epoch 53/108
237/237 [
Epoch 54/168
237/237 [=
Epoch 55/168
237/237 [=
Epoch 56/168
237/237 [=
Epoch 57/168
237/237 [=
Epoch 58/168
237/237 [=
Epoch 59/168
237/237 [=
Epoch 60/188
237/237 [
Epoch 61/108
237/237 [=
Epoch 62/108
237/237 [=
Epoch 63/108
237/237 [=
Epoch 64/108
237/237 [=
Epoch 65/108
237/237 [=
Epoch 66/108
237/237 [=
Epoch 67/108
237/237 [
Epoch 62/108
237/227 [=
Epoch 69/108
237/227 [=
Epoch 70/108
237/237 [=
Epoch 71/168
237/237 [=
Epoch 72/108
237/237 [=
Epoch 73/108
237/237 [=
Epoch 74/168
237/237 [=
Epoch 75/168
237/237 [=
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loss:

loss:
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loss:
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loss:

loss:

loss:

loss:

loss:

loss:

loss:

1)

1.

1.

1.

1.

1.

1.

1.

1.

1.

1.

1.

1.

1.

1.

1.

1.
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1

.

1

.
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6193

5967

5769

5636

5498

5360

5216

5075

4930

4795

4659

4525

4401

4273

4158

4042

3744

3500

3207

3118

2928

2766

2575

2679

2401

L0330

8798

L0951

L8738

L8589

L8498

L8418

L8461

.8387

8329

L8409

L0312

.8231

L0203

.0127

.8165

L8078

L0124

L0116

L0068

L0017

9954

L0066

9987

9897

acc:

acc:

acc:

acc:

acc:

acc:

acc:

acc:

acc:

acc:

L2911

.5198

.5198

.5232

.5232

.5232

.5232

.5232

.5232

.5232

.5232

5232

5232

5232

5232

5232

5232

5232

5232

.5232

.5232

.5232

.5232

.5232

.5232

.5232

.5232

.5232

5485

5485

.5654

.5654

.5578

.5654

.5654

.5612

.5612

.5527

.5612

5612

5506

.s578

.5606

.5606

.5612

.5654

.5612

Epoch 26/108
237/237 [
Epoch 27/108
237/237 [
Epoch 28/100
237/237 [
Epoch 28/188
237/237 [
Epoch 38/188
237/237 [
Epoch 31/168
237/237 [
Epoch 32/188
237/237 [
Epoch 33/108
237/237 [
Epoch 34/108
237/237 [
Epoch 35/108
237/237 [
Epoch 36/108
237/237 [
Epoch 37/108
237/237 [
Epoch 38/108
237/237 [
Epoch 30/108
237/237 [
Epoch 4e/1e8
237/237 [
Epoch 41/100
237/237 [
Epoch 42/100
237/237 [
Epoch 43/10@

Epoch 45/188
237/237 [
Epoch 4s/108
237/237 [
Epoch 47/108
237/237 [
Epoch 48/108
237/237 [
Epoch 48/188
237/237 [
Epoch 58/188
237/237 [

Epoch 76/188
237/237 [
Epoch 77/188
237/237 [
Epoch 78/108
237/237 [
Epoch 79/108
237/237 [
Epoch 80/108
237/237 [
Epoch 81/108
237/237 [
Epoch 82/108
237/237 [
Epoch 82/1e8
237/237 [
Epoch 84/100
237/237 [
Epoch 85/100
237/237 [
Epoch 86/108
237/237 [
Epoch 87/108
237/237 [
Epoch 82/108
237/237 [
Epoch 80/100
237/237 [
Epoch 90/108
237/237 [
Epoch 91/108
237/237 [
Epoch 92/188
237/237 [
Epoch 93/188
237/237 [
Epoch 94/188
237/237 [
Epoch 95/188
237/237 [
Epoch 95/188
237/237 [
Epoch 97/188
237/237 [
Epoch 98/108
237/237 [
Epoch 99/108
237/237 [
Epoch 100/180
237/237 [

ckeras.callbacks.History at @x17ac65c@>
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2307

2155

2265

2047

1927

1792

1733

1600

1714

1578

1525

1510

1371

1405

1256

1302

1241

1065

1146

1051

0943

1030

8912

8771

8775

9925

9854

9778

9727

2827

9762

9671

0734

0641

9616

9616

9582

9552

9630

9586

9559

9597

9535

9664

2460

9559

9387

9416

9375

9383

acc:

acc:

acc:

acc:

acc:

acc:

acc:

acc:

acc:

acc:

acc:

5232

5232

5232

.5232

.5232

.5232

.5232

.5232

.5232

.5232

.5232

.5232

.5232

.5232

5232

5232

5232

.5232

.5232

.5232

5232

5232

.5232

.5232

.5232

.5612

.5654

.5738

.5696

.5781

5696

.5654

.5612

L5506

.5612

L5781

5606

5606

.5907

L6876

.6287

.6203

.6245

.5992

L6876

.6287

.6168

.6245

L6160

L6160




In [36]: # convert into binary classification problem - heart disease or no heart disease
Y_train_binary = y_train.copy()
¥Y_test_binary = y_test.copy()
Y_train_binary[Y_train_binary » 8] = 1
¥Y_test_binary[Y_test_binary > B8] =1
print ¥_train_binary[:28]
[1181e1181@eel1el1eesaei8l]
In [37]: # define a new keras model for binary classification

def create binary_model()
# create model
model = Seguential()
model.add(Dense(8, input_dim=13, kernel_initializer="normal®’, actiwvation="relu’)})
model.add(Dense(4, kernel_initializer='normal’, activation="relu'))
model.add(Dense(1, activation="sigmoid'}))

# Compile model

adam = Adam(lr=8.881)

model.compile(loss="binary_crossentropy’', optimizer=adam, metrics=['accuracy'])
return model

binary_model = create_binary_model()

print(binary_model.summary())

Layer (type) Output Shape Param #
dense 10 (Dense)  (Wone, ®) 112
dense_11 (Dense) (Mone, 4) 36
dense_12 (Dense) (Mone, 1) 5

Total params: 153
Trainable params: 153
Mon-trainable params: @

HNone




In [38]: # fit the binary model on the training data
binary_nodel.fit(X_train, Y_train_binary, epochs=168, batch_size=16, verbose = 1)

Epoch 1/100 Epoch 26/100

237/237 [ - 85 460us/step - loss: 0.7973 - acc: 0.4979  237/237 [ - 85 384us/step - loss: 0.4735 - acc: 8.7764
Epoch 2/108 Epoch 27/160

237/237 [ - @s 557us/step - loss: @.6643 - acc: ©.6203 237/237 [ - @s 494us/step - loss: @.4619 - acc: 8.7975
Epoch 3/100 Epoch 28/100

237/237 [ - @s 540us/step - loss: 0.6543 - acc: @.6118  237/237 [ - @5 367us/step - loss: 0.4504 - acc: .8917
Epoch 4/108 Epoch 29/160

237/237 [ - @s 5o0us/step - loss: 0.6367 - acc: @.6878  237/237 [ - @5 316us/step - loss: 0.4520 - acc: 8.7975
Epoch 5/10@ Epoch 30/100

237/237 [ - @s 675us/step - loss: 0.6313 - acc: @.6624  237/237 [ - @s 328us/step - loss: 0.4446 - acc: 0.8228
Epoch 6/108 Epoch 31/160

237/237 [ - 85 633us/step - loss: 0.6231 - acc: 0.6835  237/237 [ - 85 312us/step - loss: 0.4422 - acc: @.8950
Epoch 7/10@ Epoch 32/100

237/237 [ - @s 443us/step - loss: ©.6170 - acc: ©.6548 237/237 [ - @s 333us/step - loss: ©.4353 - acc: @.8le1
Epoch 8/100 Epoch 33/100

237/237 [ - 85 549us/step - loss: 0.6207 - acc: @.6667  237/237 [ - 85 354us/step - loss: 0.4248 - acc: 0.8950
Epoch 9/108 Epoch 34/100

237/237 [ - @s 684us/step - loss: @.5848 - acc: ©.7257 237/237 [ - @s 338us/step - loss: @.4628 - acc: 8.7806
Epoch 10/100 Epoch 35/100

237/237 [ - @5 612us/step - loss: 0.5958 - acc: @.6835  237/237 [ - @5 376us/step - loss: 0.4138 - acc: .8143
Epoch 11/180 Epoch 36/160

237/237 [ - 8s 70@us/step - loss: ©.5761 - acc: ©.788% 237/237 [ - @s 312us/step - loss: @.4@77 - acc: 8.8186
Epoch 12/16@ Epoch 37/160

237/237 [ - @s 570us/step - loss: 0.5664 - acc: @.7215  237/237 [ - @5 304us/step - loss: 0.4256 - acc: 0.8101
Epoch 13/160 Epoch 38/100

237/237 [ - 85 616us/step - loss: 0.5537 - acc: ©.7426  237/237 [ - @5 333us/step - loss: 0.48d1 - acc: 8.8279
Epoch 14/1€9 Epoch 39/100

237/237 [ - @s 654us/step - loss: 0.5439 - acc: @.7242  237/237 [ - @s 312us/step - loss: @.4@38 - acc: .8439
Epoch 15/100 Epoch 48/100

237/237 [ - 85 553us/step - loss: 0.5492 - acc: 0.7426  237/237 [ - 85 205us/step - loss: 0.3976 - acc: 0.8397
Epoch 16/188 Epoch 41/100

237/237 [ - @s 54%us/step - loss: ©.5348 - acc: ©.7553 237/237 [ - @s 384us/step - loss: @.3996 - acc: @.8278@
Epoch 17/100 Epoch 42/100

237/237 [ - @5 456us/step - loss: 0.5244 - acc: .7426  237/237 [ - @5 300us/step - loss: 0.4314 - acc: 0.7932
Epoch 18/180 Epoch 43/160

237/237 [ - 8s 586us/step - loss: @.5155 - acc: ©.7468 237/237 [ - @s 20lus/step - loss: ©.3982 - acc: 8.8439
Epoch 19/16@ Epoch 44/100

237/237 [ - @s 578us/step - loss: 0.5060 - acc: @.7764  237/237 [ - @5 287us/step - loss: 0.3980 - acc: .8481
Epoch 26/180 Epoch 45/160

237/237 [ - 85 57dus/step - loss: 0.5043 - acc: 0.7384  237/237 [ - @5 3d6us/step - loss: 0.3350 - acc: 8.8312
Epoch 21/16@ Epoch 46/10@

237/237 [ - @s 574us/step - loss: 0.4952 - acc: @.7848  237/237 [ - @s 20lus/step - loss: .3873 - acc: 0.8565
Epoch 22/180 Epoch 47/100

237/237 [ - 85 582us/step - loss: 0.4962 - acc: @.7511  237/237 [ - 85 228us/step - loss: 0.3728 - acc: @.8565
Epoch 23/160 Epoch 48/100

237/237 [ - @s 54@us/step - loss: ©.484@ - acc: @.7505 237/237 [ - @s 232us/step - loss: ©.4188 - acc: 8.8312
Epoch 24/100 Epoch 49/100

237/237 [ - 85 679us/step - loss: 0.5205 - acc: @.7200  237/237 [ - 85 205us/step - loss: 0.3728 - acc: 0.8650
Epoch 25/160 Epoch 58/100

237/237 [ - 8s 418us/step - loss: ©.4855 - acc: ©.7722 237/237 [ - @s 232us/step - loss: @.3721 - acc: 8.8565
Epoch 51/100 Epoch 767100 N

237/237 [ - @5 228us/step - loss: ©.3812 - acci €.843% 5974537 [ - @5 207us/step - loss: 0.3598 - acc: 0.8734
Epoch 52/108 Epoch 77/100

237/237 [ - s 228us/step - loss: 8.3888 - acc: ©.8312 337,337 [ - @s 194us/step - loss: ©.3586 - acc: @.8658
Epoch 53/188 Epoch 78/10@

237/237 [ - @5 232us/step - lossi 0.3676 - acci €.8692  y37/937 [ - @s 136us/step - loss: 0.4006 - acc: .8734
Epach 54/100 Epoch 79/100

237/237 [ - Bs 267us/step - loss: 8.3716 - acc: @.8565 3374737 [ - @s 203us/step - loss: 8.3521 - acc: @.8565
Epoch 55/168 Epoch 80/100

237/237 [ - @s 232us/step - loss: @.3591 - acc: @.8734 537,037 [ - @s 215us/step - loss: ©.3677 - acc: 8.8734
Epach 56/100 Epoch 81/100

237/237 [ - Bs 215us/step - loss: 8.3625 - acc: @.8565 5374937 [ - 8s 274us/step - loss: 8.3466 - acc: 8.8565
Epoch 57/168 Epoch 82/160

237/237 [ - @s 232us/step - loss: ©.3557 - acc: @.8692 37,337 [ - @s 203us/step - loss: 0.4865 - acc: 8.8228
Epoch 58/100 Epoch 82/100

237/237 [ - @5 236us/step - loss: 0.3604 - acci €.8861 5374537 [ - @5 219us/step - loss: 0.3642 - acci 0.8692
Epoch 53/100 Epoch 84/100

237/237 [ - s 236us/step - loss: 8.3599 - acc: ©.8692 337,337 [ - @s 215us/step - loss: ©.3394 - acc: @.8692
Epoch 6e/188 Epoch 85/10@

237/237 [ - @5 287us/step - lossi @.3513 - acci @.8776  y37/937 [ - @s 203us/step - loss: 0.3484 - acc: 0.8734
Epoch 61/180 Epoch 86/100

237/237 [ - Bs 367us/step - loss: 8.3853 - acc: @.8658 3374237 [ - @s 224us/step - loss: 8.3529 - acc: 8.8650
Epoch 62/168 Epoch 37/100

237/237 [ - @s 283us/step - loss: 9.3820 - acc: @.843% 537,037 - @s 207us/step - loss: ©.3528 - acc: 8.8658
Epach 63/100 Epoch 88/100

237/237 [ - Bs 215us/step - loss: 8.4264 - acc: @.8397 9374937 - 8s 203us/step - loss: 8.3473 - acc: 8.8734
Epoch 64/188 Epoch 89/160

237/237 [ - @s 312us/step - loss: 0.3604 - acc: €.8523  y37/537 | - @s 100us/step - loss: ©.3589 - acc: 0.3565
Epoch 65/100 Epoch 90/100

237/237 [ - @5 236us/step - loss: ©.3592 - acci €.8692 5374737 [ - 65 104us/step - loss: 0.3390 - acci 0.8734
Epoch 66/100 Epoch 91/100

237/237 [ - s 21ous/step - loss: 8.3523 - acc: @.8692 337337 [ - @s 207us/step - loss: ©.3598 - acc: @.8481
Epoch 67/168 Epoch 92/16@

237/237 [ - @5 291us/step - lossi @.3566 - acc: €.8692  y37/937 [ - @s 210us/step - loss: 0.3503 - acc: 0.8608
Epoch 68/180 Epoch 93/100

237/237 [ - 6s 21lus/step - loss: 8.3765 - acc: @.8278  337/337 [ - @s 186us/step - loss: 8.3402 - acc: @.8608
Epoch 69/168 Epoch 94/100

2377237 [ - @5 241us/step - lossi 0.3562 - acc: €.8608  y37/937 [ - @s 21lus/step - loss: .3719 - acc: @.8565
Epach 70/100 Epoch 95/100

237/237 [ - Bs 203us/step - loss: 8.3765 - acc: @.8692 9374937 [ - 8s 207us/step - loss: 8.3495 - acc: 8.8650
Epoch 71/168 Epoch 96/160

237/237 [ - @s 21%us/step - loss: 8.3564 - acc: @.8650  y37/737 [ - s 18lus/step - loss: 8.3465 - acc: 0.8734
Epoch 72/100 Epoch 97/100

237/237 [ - @s 215us/step - lossi 0.3719 - acci €.8658 ;37,737 [ - @5 203us/step - loss: 0.3582 - acc: 0.8608
Epoch 73/168 Epoch 98/160

237/237 [ - @s 108us/step - loss: 8.3550 - acc: @.8565 5374737 [ - s 198us/step - loss: 8.3476 - acc: 0.8734
Epoch 74/1e@ Epoch 99/108

237/237 [ - @5 224us/step - lossi @.3681 - acc: €.8523  y37/937 [ - @s 205us/step - loss: .3432 - acc: 0.8523
Epoch 75/188 Epoch 180/168

237/237 [

- @5 100us/step - loss: 0.3533 - acc: 0.8608 37,337 [

e

215us/step - loss: ©.3385 - acc: @.8776

<keras.callbacks.History at ©x17280248>




In [26]:

In [27]:

Qut[27]:

# generate classification report using predictions for
from sklearn.metrics import classification_report, accuracy_score

categorical_pred = model.predict(X_test)

categorical_pred

array([[1.81122111e-81, 2.
.574415532-02],
[5.33457756e-01, 2.
.60261374e-02],
[5.80684125e-01, 2.
9.22451328e-083],
[1.16159856e-01, 2.
1.114651@4e-01],
[1.20953463e-81, 2.
.16536178e-81],
[1.21686250e-01, 2.
.17313892e-01],
[6.76299691e-01, 2.
.57841990e-03],
[1.957@4728e-01, 3.
6.59330785e-82],
[3.68710382e-01, 2.
.839526572-02],
[1.15559876e-81, 2.
.108832416e-01],
[8.28893661e-01, 1.
.85435983e-03],
[1.863@1658e-01, 2.
.81126775e-01],
[4.371643@7e-01, 2.
2.63197385e-82],
[6.83460057e-81, 2.
.71851177e-83],
[6.977@6223e-01, 2.
.20142151e-83],
[6.39340281e-01, 2.
.000a8828e-03],
[3.21699371e-01, 3.
.34884711e-02],
[1.06818460e-01, 2.
.01665713e-01],
[6.94831192e-81, 2.
.999@24632-83],
[8.48716958e-01, 1.
.66728198e-04],
[9.38293977e-01, 6.
.25873755e-85],
[8.31946492e-01, 1.
.837544@6e-04],
[1.79788392e-01, 2.
.92496821e-02],
[9.86477571e-081, 8.
.B56938782-04],
[1.13811487e-081, 2.
.68752897e-02],
[8.86667788e-01, 1.
.92797282e-04],
[8.74380350e-01, 1.
.7829836%2-04],
[1.86€43883e-81, 2.
.B0B588852-01],
[7.40871191e-01, 2.
.63170991e-03],
[7.86449611e-01, 1.
1.61177712e-83],
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55858527e-81,

98719645e-81,

97834665e-81,

362208%47e-81,

34275@43e-01,

33523138e-81,

52868818e-81,

18539395e-81,

46726894e-01,

35843398e-01,

450@0451e-81,

49546438e-81,

199@4685e-81,

45263875e-01,

37685829e-81,

71579951e-81,

5@276917e-81,

43999819e-81,

4@9@2245e-81,

41284823e-81,

61148288e-82,

450958298e-81,

96327462e-01,

78168535e-82,

71215528e-81,

84494877e-81,

14348925e-@1,

4981927%e-@1,

12562516e-81,

816553@3e-a1,

2

9.

7

2.

2.

2

a.

2

1.

2.

1

2.

1

4.

4.

5

1.

2

4.

1.

2

1.

2

5.

2.

6.

7.

2

3.

2

.3559714%9e-@1,

354945676e-82,

.@1721087e-02,

43541783e-01,

45628655e-01,

.45020852e-81,

43583288e-82,

.88661154e-01,

44993186e-01,

43266031e-01,

.55386053e-82,

38584325e-81,

.26573503e-01,

43375787e-02,

189359608e-02,

.36735281e-82,

53@14556e-81,

.38867462e-01,

©353369@e-02,

28218718e-02,

.85831373e-83,

48829427e-82,

.14115247e-01,

@e8s54751e-03,

38411619e-81,

63856364e-83,

96464831e-03,

.33442188e-01,

@3196758e-82,

.15843264e-02,

3

5.

4

2.

2.

2

2.

2

1.

2.

5

3.

9

2.

2.

2

1.

3

1.

4.

[

5.

2

1.

2.

1.

2.

3

1.

8

categorical model

.12473086e-01,

82468845e-82,

.28845188e-02,

89612323e-01,

82606691e-01,

.81546861e-01,

270826902e-82,

.1916171%e-01,

18@74283e-01,

90493316e-01,

.51204256e-83,

24448856e-81,

.8@377557e-02,

22279448e-02,

@e837956e-02,

.931615%@e-82,

3152@733e-91,

.83648621e-01,

99141284e-02,

40968201e-03,

.48276478e-84,

236597272-83,

.3951914%¢e-01,

380122712-03,

98486114e-01,

91386475e-83,

426764%93e-03,

.84836661e-01,

36149665e-82,

.69823841e-03,

[s.
.13772325e-84],
[e.
.263603040-84],
(8.
.37151258e-04],
[7.
.337730720-03],
[s.
.74337275e-083],
[1.
.030202660-01],
[s.
.962839260-04],
[7.
.3895608725e-03],
[s.
.111@04850-03],
[6.
.022548140-02],
[s.
.01292143e-82],
(8.
.929812860-04],
[7.
.e6370209e-03],
[s.
.56410193e-84],
[e.
.75660353e-84],
[6.
.01718791e-82],
[1.
.76271784e-02],
[1.
.53418878e-02],
[6.
.08720564e-082],
[s.
.50017367e-84],
[1.
.63983983e-01],
[2.
.14842218e-82],
[6.
.89531457e-083],
[e.
.85016863e-84],
[1.
.68547643e-81],
(8.
.69371991e-04],
[7.
.54769134e-03],
[s.
.11444131e-083],
[2.
.043303040-02]],

w

~

v

o

o

-

~

-

o

[

o

w0

-

[

w

~

-

o

[

IS

IS

-

[

w

o

-

IS

99568156e-01, 1.

©93939911e-01, 8.

57582331e-01, 1.

43698312e-81, 2.

028@2782e-81, 2.

98115964e-01, 2.

78782733e-01, 1.

52853648e-01, 1.

44498575e-01, 1.

71156188e-81, 2.

3397142%e-01, 3.

70443881e-01, 1.

699@55a8e-01, 1.

38866456e-01, 1.

11621511e-01, 8.

37527823e-81, 2.

82937825e-01, 2.

563255a84e-01, 2.

45143198e-81, 2.

3022272%e-01, 1.

©9937854e-81, 2.

55965441e-081, 3.

738727@%e-01, 2.

9667229%e-01, 8.

13389641e-01, 2.

098@5878e-01, 1.

438208594e-81, 2.

9821847%e-81, 1.

43963584e-01, 3.

98513863e-@1, 6.

9@645757e-@2, 5.

28445357e-81, 1.

126@9112e-81, 2.

915@2774e-81, 6.

47638868e-81, 2.

17973831e-@1, 3.

98871464e-81, 2.

34342@74e-81, 1.

5315114%e-@1, 4.

268@8%5%e-a1, 7.

17823557e-81, 9.

92171559%e-81, 2.

48217812e-81, 1.

25882554e-@2, 4.

58932838e-a1, 6.

53119171e-81, 2.

953937@5e-81, 2.

41424@824e-81, 6.

41632959%¢e-@1, 1.

46659145e-a1, 2.

55194777e-81, 1.

518@7638e-a1, 4.

71637613e-@2, 4.

421@1148e-@1, 2.

67246282e-81, 1.

114@6216e-81, 2.

67094812e-21, 1.

37263%72e-e1, 1.

dtype=float32)

71979412e-03,

3183@464e-03,

91387231e-02,

B85454382e-82,

73934817e-082,

39566654e-01,

27959739e-03,

77828975e-82,

58585828e-82,

66687866e-82,

7873528@e-02,

2097@365e-083,

528842938e-82,

47424173e-82,

48215613e-03,

66824287e-02,

36675789e-81,

28237121e-81,

74633533e-02,

36041418e-02,

40853445e-01,

74782838e-01,

59172837e-02,

7428778%e-03,

42241234e-01,

58057280e-02,

97286324e-82,

78564372e-82,

86235885e-01,

1.

1

3.

1.

3.

3.

2

1.

4

2.

5.

2

1.

5

1.

3.

3

2.

3

4.

3.

1

2.

1

2.

6.

1

6.

1

89320825¢-03,

.48023627e-03,

2965@7762-083,

28174732e-82,

95577326e-082,

91667085e-01,

.56324536e-03,

19@83@857e-82,

.99778474e-03,

40013525e-82,

12168817e-02,

.82991057e-83,

85787218e-82,

.21692727e-83,

13246811e-03,

46858911e-02,

.8964@13%e-81,

5270173@e-81,

.48964533e-02,

68115415e-03,

@0265551e-01,

.72652677e-81,

3507@121e-82,

.2361@883e-03,

9372@275e-01,

88204398e-03,

.32969376e-82,

515787%1e-83,

.83949321e-01,




In [38]: # generate classification report using predictions for categorical model
from sklearn.metrics import classification report, accuracy score
categorical_pred = np.argmax(model.predict(X_test), axis=1)

In [31]: categorical pred

Out[31]: array([3, @, @, 3, 3, 3, @, 1, @8, 3, 8, 2,8, 0,8, @, 1, 3, 0, 0, 8, 0,

1, e, 3, @, e, 3,8, 0,0, 0,8,86,@e8e,3 @ 8®8,@,8,80,.28,:.,
e, @, @, 3, 1, @, @, 3, 1, 8, @, 2, @, @, @, 1], dtype=inted)
In [39]:  # generate classification report using predictions for categorical model

from sklearn.metrics import classification_report, accuracy_score
categorical_pred = np.argmax{model.predict(X_test), axis=1)

print('Results for Categorical Model')
print{accuracy_score(y_test, categorical_pred))
print({classification report(y test, categorical pred))

Results for Categorical Model
8.6333333333333333

precision recall fl-score  support
=} 8.34 B.26 B.35 36
1 B.08 B.06 8,06 9
2 B.08 B8.68 B.68 5
3 8.35 1.66 8.52 7
4 6.68 6.00 6.00 3

avg / total 8.54 B8.63 8.57 515




In [48]: | # generate classification report using predictions for binary model
binary_pred = np.round(binary_model.predict(X_test)).astype(int)

print(‘Results for Binary Model')
print(accuracy_score(¥_test _binary, binary _pred})

print(classification_report(Y_test_binary, binary_pred))

Results for Binary Model

8.8
precision recall fl-score  support
a B.22 B.82 B.23 36
1 8.75 B.7% 8.75 24

avg [ total 8.28 8.88 8.20 512




Chapter 5: Autism Screening With Machine

Learning

BN Command Prompt

d tutorial

sh\Tutorial»

Attribute Type Description

Age Number years

Gender String Male or Female

Ethnicity String List of common ethnicities in text format

Born with jaundice

Boolean (yes or no)

Whether the case was born with jaundice

Family member with PDD

Boolean (yes or no)

Whether any immediate family member has a PDD

Who is completing the test

String

Parent, self, caregiver, medical staff, clinician, etc.

Country of residence

String

List of countries in text format

Used the screening app before

Boolean (yes or no)

Whether the user has used a screening app

Screening Method Type

Integer (0,1,2,3)

The type of screening methods chosen based on age category
(O=toddler, 1=child, 2= adolescent, 3= adult)

Question 1 Answer Binary (0, 1) The answer code of the question based on the screening
method used

Question 2 Answer Binary (0, 1) The answer code of the question based on the screening
method used

Question 3 Answer Binary (0, 1) The answer code of the question based on the screening
method used

Question 4 Answer Binary (0, 1) The answer code of the question based on the screening
method used

Question 5 Answer Binary (0, 1) The answer code of the question based on the screening
method used

Question & Answer Binary (0, 1) The answer code of the question based on the screening
method used

Question 7 Answer Binary (0, 1) The answer code of the question based on the screening
method used

Question 8 Answer Binary (0, 1) The answer code of the question based on the screening
method used

Question 9 Answer Binary (0, 1) The answer code of the question based on the screening
method used

Question 10 Answer Binary (0, 1) The answer code of the question based on the screening
method used

Screening Score Integer The final score obtained based on the scoring algorithm of the

screening method used. This was computed in an automated
manner




| " lupyterlab X | +

&< C (@ localhost:88285/lab

: File  Edit Wiew Run Kernel Tabs Sefting

g |+ ) * c
L

o | Name - Last Modified

=

= - W autism_detection.ipynb 4 maonths ago

|

= | [ Autism-Child-Data.arff 13 days ago
[ Autism-Child-Data.txt 13 days ago

o

5

E

E

(=]

L

import sys

import pandas as pd
import sklearn
import keras

print 'Python: {}'.format(sys.version)

print 'Pandas: {}'.format(pd._ version__)

print ‘Sklearn: {}'.format(sklearn.__version__)
print ‘Keras: {}'.format(keras.__version__)

Using Theano backend.
WARNING (theano.tensor.blas): Using NumPy C-API based implementation for BLAS functions.

Python: 2.7.13 |Continuum Analytics, Inc.| (default, May 11 2817, 13:17:26) [MSC v.1588 64 bit (AMD64)]
Pandas: ©.21.@

Sklearn: @.19.1
Keras: 2.1.4




Shape of DataFrame: (252, 21)
Al Score

A2 _Score

A3Z_Score

Ad _Score

AS_Score

AG_Score

AT _Score

AE_Score

A _Score

AlB_Score

age_numeric

gender

ethnicity

jaundice
family_history_of_autism no
country_of_res Jordan
used_app_before no
result 5
age_desc '4-11 years'
relation Parent
Class/ASD MO
Hame: ©, dtype: object

2 5 & &Rk 8 2R 8 8RR

o
'_|.
=
M
=
= ]




tients at the same

out multiple p
data.loc[:16]

Al Score A2 Score A3 Score Ad Score A5 Score A6 Score A7 Score A8 Score A9 Score A10 Score ..

gender ethnicity jaundice family_history_of_autism

country._of_res

used_app_before

[ 1 1 0 o 1 1 0 1 0 0 m  Others no no Jordan no
1 1 1 0 0 1 1 0 1 0 0 D e no no Jordan no
Eastern
2 1 1 0 0 0 1 1 1 0 0 m ? no no Jordan yes
3 0 1 o o 1 1 o o 0 1 £ 2 yes no Jordan no
4 1 1 1 1 1 1 1 1 1 1 m  Others yes no  ‘United States' no
H 0 0 1 0 1 1 [} 1 0 1 m ? no yes Egypt no
white- “United
6 1 0 1 1 1 1 0 1 0 1 ™ uropan no no Kingdomr no
7 1 1 1 1 1 1 1 1 0 0 § LI no no 2ahrain no
Eastern
8 1 1 1 1 1 1 1 0 0 0 g Midde no no gahrain no
gastern
9 0 0 1 1 1 0 1 1 0 0 f ? no yes Austria no
White- “United
10 1 0 0 0 1 1 1 1 1 1 ™ uropenn yes no Kingdlom no
11 rows x 21 columns
# print out a description of the dataframe
data.describe()
A1_Score A2 Score A3 _Score A4 Score A5 _Score AB_Score AT Score AB_Score A9 Score AT0_Score result
count 252.000000 292.000000 292.000000 292.000000 292.000000 292.000000 292.000000 292.000000 292.000000 292.000000 282.000000
mean 0.633562 0.534247 0.743151 0.551370 0.743151 0.712329 0.606164 0.496575 0.493151 0.726027 6.239726
std 0.432658 0.499682 0.437646 0483208 0437646 0.453454 0439428 0.500847 0.500811 0446761 2234882
min 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000
25% 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000 5.000000
50% 1.000000 1.000000 1.000000 1.000000 1.000000 1.000000 1.000000 0.000000 0.000000 1.000000 6.000000
75% 1.000000 1.000000 1.000000 1.000000 1.000000 1.000000 1.000000 1.000000 1.000000 1.000000 8.000000
max 1.000000 1.000000 1.000000 1.000000 1.000000 1.000000 1.000000 1.000000 1.000000 1.000000 10.000000




data.dtypes

Al _Score

AZ_Score
A3 _Score
Ad _Score
AS_Score
AG_Score
AT _Score
AB_Score
A% _Score

AlE_Score
age_numeric
gender
ethnicity
jaundice
family_history_of_autism
country_of_res
used_app_before
result

age_desc
relation
Class/ASD
dtype: object

intg4d
int64d
int6d
intgd
intg4d
int64d
int6d
intgd
intg4d
int64d
object
object
object
object
object
object
object
int64d
object
object
object

x.loc[:10]
Al Score

0 1
1 1
2 1
3 0
4 1
5 0
6 1
7 1
8 1
9 0
10 1

A2 Score A3 Score A4 Score A5 Score A6 Score A7 Score A8 Score A9 Score A10 Score age numeric gender ethnicity jaundice family_history of autism

1

= - -

0

o - o o

1 1 0 1 0 0 5 m  Others

1 1 [} 1 0 ° 5 m  Middle

Eastern *

0 1 1 1 0 o 6 m :

1 1 o 0 [} 1 5 1 2

1 1 1 1 1 1 5 m  Others

1 1 o 1 0 1 4 m 2

1 1 ) 1 0 1 s m o hite

European

1 1 1 1 0 0 5 g s
Eastern

1 1 1 0 0 0 8 g Middle

Eastern”

1 0 1 1 0 0 1 1 ?

1 1 1 1 1 1 10 m White-

European

country_of res used_app_be]
Jordan
Jordan
Jordan
Jordan
United States'

Egypt

‘United
Kingdom'

Bahrain

Bahrain

Austria

‘United
Kingdom'




# print the new categorical column labels
X.columns.values

array(['Al_Score', ' A2Z_Score', ' A3_Score', ' Ad_Score', ' A5_Score',
" ABS_Score', ' AT_Score', ' A8_Score', ' AS_Score', ' Al@_Score',
' age_numeric_l@', ' age_numeric_l1', ' age_numeric_4',
" age_numeric_5', ' age_numeric_6', ' age_numeric_7',
" age_numeric_8', ' age_numeric_%', ' age_numeric_?', ' gender_f',
" gender_m', " ethnicity_'Middle Eastern '",
" ethnicity_'South Asian'", ' ethnicity_?', ' ethnicity_Asian',
" ethnicity_Black', ' ethnicity_Hispanic', ' ethnicity_Latino',
" ethnicity_0thers', ' ethnicity_Pasifika', ' ethnicity_Turkish',
ethnicity_White-EBuropean', ' jaundice_no', ' jaundice_yes',

" family_history_of_autism_no', ' family_history_of_autism_yes',
" country_of_res_'Costa Rica'", " country_of_res_'Isle of Man'",
" country_of_res_'New Zealand'", " country_of_res_'Saudi Arabia'",
" country_of_res_'South Africa'", " country_of_res_'South Korea'",

country_of_res_'U.5. Outlying Islands'",
" country_of_res_'United Arab Emirates'",
" country_of_res_'United Kingdom'",

" country_of_res_'United States'", ' country_of_res_Afghanistan',
" country_of_res_Argentina', ' country_of_res_Armenia',

" country_of_res_Australia', ' country_of_res_Austria',

" country_of_res_Bahrain', ' country_of_res_Bangladesh',
" country_of_res_Bhutan', ' country_of_res_Brazil',

" country_of_res_Bulgaria', ' country_of_res__Canada',

" country_of_res_china', ' country_of_res_Egypt',

" country_of_res_Europe', ' country_of_res_Georgia',

" country_of_res_Germany', ' country_of_res_Ghana',

" country_of_res_India', ' country_of_res_Iraqg',

" country_of_res_Ireland', ' country_of_res_Italy',

" country_of_res_Japan', ' country_of_res_Jordan',

" country_of_res_Kuwait', ' country_of_res_Latvia',

" country_of_res_Lebanon', ' country_of_res_Libya',

" country_of_res_Malaysia', ' country_of_res_Malta',

" country_of_res_Mexico', ' country_of_res_HNepal’,

" country_of_res_Netherlands', ' country_of_res_MNigeria’,
" country_of_res_Oman', ' country_of_res_Pakistan',

" country_of_res_Philippines', ' country_of_res_Qatar',

" country_of_res_Romania', ' country_of_res_Russia',

" country_of_res_Sweden', ' country_of_res_Syria’,

" country_of_res_Turkey', ' used_app_before_no',

" used_app_before_yes', " relation_'Health care professional'",
" relation_?', ' relation_Parent', ' relation_Relative',

" relation_Self', ' relation_self'], dtype=object)




In [19]:

out[19]:

# print an example patient from the categorical data

X.loc[1]

Al_Score
A2_Score
A3_Score
A4_Score
A5_Score
A6_Score
A7_Score
A8_Score
AS9_Score
Al@_Score

age numeric_ 1@
age numeric_ 11

age numeric_
age numeric_
age numeric_
age numeric_
age numeric_
age numeric_
age numeric_

gender_ f

gender_ m

ethnicity_
ethnicity_
ethnicity_
ethnicity_
ethnicity_
ethnicity_
ethnicity_
ethnicity_
ethnicity_

w0 0NN

'Middle Eastern
'South Asian’

?

Asian

Black

Hispanic

Latino

Others

Pasifika

OO0 OO PFPIOIODDODRFPRIOIIODODODORLORLRPOORPRL

contry_of_res_ Italy
contry_of_res_ Japan
contry_of_res_ Jordan
contry_of_res_ Kuwait
contry_of_res_ Latvia
contry_of_res_ Lebanon
contry_of_res_ Libya
contry_of_res_ Malaysia
contry_of_res_ Malta
contry_of_res_ Mexico
contry_of_res_ Nepal
contry_of_res_ Netherlands
contry_of_res_ Nigeria
contry_of_res_ Oman
contry_of_res_ Pakistan
contry_of_res_ Philippines
contry_of_res_ Qatar
contry_of_res_ Romania
contry_of_res_ Russia
contry_of_res_ Sweden
contry_of_res_ Syria
contry_of_res_ Turkey
used_app_before_ no
used_app_before_ yes
relation_ 'Health care professional'
relation_ ?

relation_ Parent

relation_ Relative
relation_ Self

relation_ self

Name: 1, Length: 96, dtype: inté4

@O0 OFRPR ORI O®O -




E:

In [28]: # convert the class data to categorical values - one-hot-encoded vectors
= pd.get_dummies(y)

-

In [21]: ¥.iloc[:1e]

Qut[21]:
NO YES
0 1 0
1 1 0
1 0
1 0

=T == - I+ L B - R R 4 ]
—_
[=]

In [24]: print(X _train.shape)
print (X_test.shape)
print (Y_train.shape)
print (¥Y_test.shape)

(233, 96)
(59, ©6)
(233, 2)
(59, 2)




In [34]:

model = create_model()
print(model.summary())

Layer (type) Qutput Shape Param #

dense_4 (Dense) (MNone, 8) 776

dense_5 (Dense) (Mone, 4) 36

Total params: 822
Trainable params: 822
Mon-trainable params: @

Hone

Epoch 1/5@ Epoch 26/5@
2337233 [ ] - 8s 288us/step - loss: @.8927 - acc: @©.5794  233/233 [ ] - @s 33%us/step - loss: @.8585 - acc:
Epoch 2/5@ Epach 27/58
233/233 [ ] - 8s 245us/step - loss: @.6918 - acc: 8.7218 233/233 [ 1 - @s 335us/step - loss: 8.8571 - acc:
Epoch 3/5@ Epoch 28/58
233/233 [ ] - @s 258us/step - loss: @.6868 - acc: ©.7630 233/233 [ ] - @s 420us/step - loss: 8.8526 - acc:
Epoch 4/5@ Epoch 29/58
233/233 [ ] - @s 236us/step - loss: @.6779 - acc: ©.7882 233/233 [ ] - @s 335us/step - loss: ©.8474 - acc:
Epoch 5/5@ Epoch 38/58@
233/233 [ ] - @s 236us/step - loss: @.6619 - acc: €.8541 233/233 [ 1 - @s 322us/step - loss: 8.8463 - acc
Epoch 6/5@ Epoch 31/5@
233/233 [ ] - @s 305us/step - loss: @.5340 - acc: ©.8283  233/233 [ ] - @s 296us/step - loss: 8.8431 - acc:
Epoch 7/5@ Epoch 32/5@
233/233 [ ] - @s 227us/step - loss: ©.5963 - acc: ©.8541 233/233 [ ] - @s 348us/step - loss: 8.8381 - acc:
Epoch 8/5@ Epoch 33/58
233/233 [ ] - 8s 305us/step - loss: @.5446 - acc: 8.9320  233/233 [ 1 - @s 322us/step - loss: 8.8357 - acc:
Epoch 9/5@ Epoch 34/58
233/233 [ ] - @s 24Bus/step - loss: @.4884 - acc: 0.8884 233/233 [ ] - @s 292us/step - loss: ©.€331 - acc:
Epoch 18/58 Epoch 35/58@
233/233 [ ] - @s 227us/step - loss: @.4220 - acc: €.9227 233/233 [ 1 - @s 205us/step - loss: ©.6316 - acc:
Epoch 11/58 Epoch 36/58@
233/233 [ ] - @s 322us/step - loss: @.36@3 - acc: €.9313  233/233 [ 1 - @s 335us/step - loss: 8.8204 - acc:
Epoch 12/58 Epoch 37/5@
233/233 [ ] - @s 245us/step - loss: @.2935 - acc: ©.9614  233/233 [ 1 - @s 322us/step - loss: 8.8282 - acc:
Epoch 13/58 Epoch 38/5@
233/233 [ ] - 8s 206us/step - loss: @.2528 - acc: 8.9657 233/233 [ ] - @s 236us/step - loss: 8.8281 - acc:
Epoch 14/5@ Epoch 33/5@
233/233 [ ] - @s 338us/step - loss: @.2087 - acc: 8.9657 233/233 [ ] - @s 330us/step - loss: 8.8253 - acc:
Epoch 15/5@ Epoch 48/58
233/233 [ ] - @s 305us/step - loss: @.1788 - acc: 8.9871 233/233 [ ] - @s 223us/step - loss: ©.6252 - acc:
Epoch 16/58 Epoch 41/58@
233/233 [ ] - @s 313us/step - loss: @.16@5 - acc: ©.978@ 233/233 [ 1 - @s 326us/step - loss: ©.8226 - acc:
Epoch 17/58 Epoch 42/58@
233/233 [ ] - @s 3e0us/step - loss: @.1389 - acc: ©.9828 233/233 [ 1 - @s 326us/step - loss: 8.8213 - acc:
Epoch 18/58 Epoch 43/5@
233/233 [ ] - @s 335us/step - loss: @.1258 - acc: 0.9785  233/233 [ 1 - @s 21%us/step - loss: 8.8203 - acc:
Epoch 19/58 Epoch 44/5@
233/233 [ ] - 8s 343us/step - loss: @.1188 - acc: 8.9871 233/233 [ 1 - @s 215us/step - loss: 8.8193 - acc:
Epoch 20/5@ Epoch 45/58
233/233 [ ] - @s 390us/step - loss: @.18@4 - acc: ©.9871 233/233 [ ] - @s 31Bus/step - loss: 8.8198 - acc:
Epoch 21/50 Epoch 46/58
233/233 [ ] - @s 4l6us/step - loss: @.8918 - acc: 8.9871 233/233 [ ] - @s 232us/step - loss: ©.6176 - acc:
Epoch 22/58 Epoch 47/5@
233/233 [ ] - 9s 343us/step - loss: ©.8820 - acc: ©.9871  233/233 [ ] - ©@s 215us/step - loss: 8.8163 - acc
Epoch 23/56 Epoch 48/5@
233/233 [ ] - @s 36lus/step - loss: @.6752 - acc: €.9914  233/233 [ 1 - @s 262us/step - loss: 8.8161 - acc:
Epoch 24/58 Epoch 49/5@
233/233 [ ] - 8s 356us/step - loss: @.8714 - acc: 8.9957 233/233 [ 1 - @s 24Bus/step - loss: 8.8154 - acc:
Epoch 25/58 Epoch 58/56
233/233 [ ] - 8s 300us/step - loss: @.8634 - acc: 8.9957 233/233 [ 1 - @s 223us/step - loss: 8.8156 - acc:
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In [25]: | # generate classification report using predictions for categorical model
from sklearn.metrics import classification report, accuracy score
predictions = model.predict_classes(X_test)
predictions

out[25]: array([e, @, 1, 1, 1, @, 1, 1, 8, 8, 8, @, @, 1, @, @, @ 1, 1, 1, 1,

g, 8, 1,8, 8,8, ¢, 8, 1,06, 1,08,8e,1, 8, e, 1 1, 1, 1, 1,

e, 1, 1, @, 1, @, @, @, 1, 8, 1, 1, 1, @, @], dtype=inted)
Prediction Results for Neural Network
@.8983050847457628

precision recall fl-score support

Q @.85 B.97 Q.90 29

1 Q.96 B.83 0.89 30
avg / total 0.91 .90 Q.90 59
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