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# Check the versions of libraries
# Python version
import sys
print ('Python: {}'.format (sys.version))
# scipy
import scipy
print ('scipy: {}'.format (scipy._ version_ ))
# numpy
import numpy
print ('numpy: {}'.format (numpy. version ))
# matplotlib
import matplotlib
print ('matplotlib: {}'.format (matplotlib. version ))
# pandas
import pandas
print ('pandas: {}'.format (pandas._ version_ ))
# scikit-learn
import sklearn
print ('sklearn: {}'.format (sklearn. version ))
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Python: 3.6.11 (default, Jun 29 2020, 13:22:26)
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[GCC 4.2.1 Compatible Apple LLVM 9.1.0 (clang-902.0.39.2)]
scipy: 1.5.2

numpy: 1.19.1

matplotlib: 3.3.0

pandas: 1.1.0

sklearn: 0.23.2
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# Load libraries

from pandas import read csv

from pandas.plotting import scatter matrix

from matplotlib import pyplot

from sklearn.model selection import train test split
from sklearn.model selection import cross val score
from sklearn.model selection import StratifiedKFold
from sklearn.metrics import classification report
from sklearn.metrics import confusion matrix

from sklearn.metrics import accuracy score

from sklearn.linear model import LogisticRegression
from sklearn.tree import DecisionTreeClassifier


https://en.wikipedia.org/wiki/Iris_flower_data_set
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from sklearn.neighbors import KNeighborsClassifier

from sklearn.discriminant analysis import LinearDiscriminantAnalysis
from sklearn.naive bayes import GaussianNB

from sklearn.svm import SVC
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# Load dataset

url =
"https://raw.githubusercontent.com/jbrownlee/Datasets/master/iris.csv"
names = ['sepal-length', 'sepal-width', 'petal-length', 'petal-width',
'class']

dataset = read csv(url, names=names)
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# shape

print (dataset.shape)

(150,

# head

print (dataset.head(20))
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# descriptions

print (dataset.describe () )
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# class distribution
print (dataset.groupby('class') .size())
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# summarize the data
from pandas import read csv
# Load dataset

url =
"https://raw.githubusercontent.com/jbrownlee/Datasets/master/iris.csv"
names = ['sepal-length', 'sepal-width', 'petal-length', 'petal-width',
'class']

dataset = read csv(url, names=names)

# shape

print (dataset.shape)

# head

print (dataset.head (20))

# descriptions

print (dataset.describe())

# class distribution

print (dataset.groupby('class') .size())
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#.on and whisker plots
dataset.plot (kind="'box', subplots=True, layout=(2,2), sharex=False,

sharey=False)
pyplot.show ()
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# histograms
dataset.hist ()
pyplot.show ()
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# scatter plot matrix
scatter matrix(dataset)
pyplot.show ()
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# visualize the data

from pandas import read csv

from pandas.plotting import scatter matrix
from matplotlib import pyplot

# Load dataset

url =
"https://raw.githubusercontent.com/jbrownlee/Datasets/master/iris.csv"
names = ['sepal-length', 'sepal-width', 'petal-length', 'petal-width',
'class']

dataset = read csv(url, names=names)

# box and whisker plots

dataset.plot (kind="'box', subplots=True, layout=(2,2), sharex=False,
sharey=False)

pyplot.show ()

# histograms

dataset.hist ()

pyplot.show ()

# scatter plot matrix

scatter matrix(dataset)

pyplot.show ()
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# Split-out validation dataset

array = dataset.values

X = array([:,0:4]

y = arrayl[:, 4]

X train, X validation, Y train, Y validation = train test split(X, vy,
test size=0.20, random state=1)
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Logistic Regression (LR)

Linear Discriminant Analysis (LDA)

K-Nearest Neighbors (KNN).

Classification and Regression Trees (CART).

Gaussian Naive Bayes (NB).

Support Vector Machines (SVM).
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# Spot Check Algorithms

models = []

models.append (('LR', LogisticRegression(solver='liblinear',
multi class='ovr')))
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models.append(('LDA', LinearDiscriminantAnalysis()))
models.append( ('KNN', KNeighborsClassifier())
models.append (('CART', DecisionTreeClassifier()))
models.append(('NB', GaussianNB()))
models.append(('SVM', SVC(gamma='auto')))
# evaluate each model in turn
results = []
names = []
for name, model in models:

kfold = StratifiedKFold(n splits=10, random state=1,
shuffle=True)

cv_results = cross val score(model, X train, Y train,
cv=kfold, scoring='accuracy')

results.append(cv_results)

names.append (name)

print ('$s: %f (%f)' % (name, cv_results.mean(),
cv_results.std()))
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LR: 0.960897 (0.052113)
LDA: 0.973974 (0.040110)
KNN: 0.957191 (0.043263)
CART: 0.957191 (0.043263)
NB: 0.948858 (0.056322)
SVM: 0.983974 (0.032083)
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# compare algorithms

from pandas import read csv

from matplotlib import pyplot

from sklearn.model selection import train test split
from sklearn.model selection import cross val score
from sklearn.model selection import StratifiedKFold
from sklearn.linear model import LogisticRegression
from sklearn.tree import DecisionTreeClassifier

from sklearn.neighbors import KNeighborsClassifier
from sklearn.discriminant analysis import LinearDiscriminantAnalysis
from sklearn.naive bayes import GaussianNB

from sklearn.svm import SVC

# Load dataset

url =
"https://raw.githubusercontent.com/jbrownlee/Datasets/master/iris.csv"
names = ['sepal-length', 'sepal-width', 'petal-length', 'petal-width',
'class']

dataset = read csv(url, names=names)

# Split-out validation dataset

array = dataset.values

X = array[:,0:4]

y = arrayl[:,4]

X_train, X validation, Y train, Y validation = train test split (X, vy,
test size=0.20, random state=1, shuffle=True)

# Spot Check Algorithms

models = []

models.append(('LR', LogisticRegression(solver='liblinear',

multi class='ovr')))
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models.append(('LDA', LinearDiscriminantAnalysis()))
models.append( ('KNN', KNeighborsClassifier())
models.append (('CART', DecisionTreeClassifier()))
models.append(('NB', GaussianNB()))
models.append(('SVM', SVC(gamma='auto')))
# evaluate each model in turn
results = []
names = []
for name, model in models:

kfold = StratifiedKFold(n splits=10, random state=1,
shuffle=True)

cv_results = cross val score(model, X train, Y train,
cv=kfold, scoring='accuracy')

results.append(cv_results)

names.append (name)

print ('$s: %f (%f)' % (name, cv_results.mean(),
cv_results.std()))
# Compare Algorithms
pyplot.boxplot (results, labels=names)
pyplot.title('Algorithm Comparison')
pyplot.show ()
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# Make predictions on validation dataset
model = SVC(gamma='auto')
model.fit (X train, Y train)

predictions = model.predict (X validation)
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.classification report

# Evaluate predictions

print (accuracy score(Y validation, predictions))

print (confusion matrix (Y validation, predictions))
print(classification report (Y validation, predictions))
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precision recall fl-score support
Iris-setosa 1.068 1.09 1.0@ n
Iris-versicolor 1.06 8.92 0.96 15
Iris-virginica 9.86 1.89 3.92 ]
accuracy a.97 30
macro avg 9.95 8.97 9.96 3@
weighted avg 9.97 .97 a.97 39
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# make predictions

from pandas import read csv

from sklearn.model selection import train test split

from sklearn.metrics import classification report

from sklearn.metrics import confusion matrix

from sklearn.metrics import accuracy score

from sklearn.svm import SVC

# Load dataset

url =
"https://raw.githubusercontent.com/jbrownlee/Datasets/master/iris.csv"
names = ['sepal-length', 'sepal-width', 'petal-length', 'petal-width',
'class']


https://machinelearningmastery.com/save-load-machine-learning-models-python-scikit-learn/
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dataset = read csv(url, names=names)

# Split-out validation dataset

array = dataset.values

X = array[:,0:4]

y = arrayl[:,4]

X_train, X validation, Y train, Y validation = train_ test split(X, vy,
test size=0.20, random state=1)

# Make predictions on validation dataset

model = SVC(gamma='auto')

model.fit (X train, Y train)

predictions = model.predict (X validation)

# Evaluate predictions

print (accuracy score (Y validation, predictions))

print (confusion matrix (Y validation, predictions))
print (classification report (Y validation, predictions))
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Classification using Machine Learning

tes JS 0B ULl ol mazme oy gt Blondl oliys 28T Tris 3 85 il dny
Clolall S3las] o2 ba ol ool 8 0 odn Doall dslys Jou L5 UL e 9
ol 23 505 oo e oy (DBl el o By Tris 3 5 5T oo ¢ 5 IS el
J Tl sl oy U0 el e g o815 AU TS 50 il daged JY)
Tris s ) il Lle Salbl G g Dliadl odin 3.l Aeslio el 0dgh codin Vool Al
Python plisealy JY el s

Iris 6 @ j «uiAj

e iz I ¢ virginica 5 versicolor s setosa .¢lsl B L) &o3a 5 a5
Gl dliage Jrams Lans g i) Gy Tris 505 luld b o oY1 L5 31 . Lgluls
Agias s Tris ¢l lald o el aSlay JT ol 3 500

58 Ol o o 1 e s 8,5 Ciinany Loloud) Dol Lulys OV cagh 13 085 Of o
UL e pazes o530 Canl SSlay (Iris s o) Ciiwas) Ul de sazes b 5 Scikit-Learn
alblor colsl audll GOV JYI ) plasialy Tris 5,85 sl dogad ba oo Lol

Python &z ; & el L“fY\ by Iris 5,25 C‘«“j Caias iaS Je

Iris Versicolor Iris Setosa

0oL olaAalwl Irds 6 ya j @A
ris & ,a) Caiaas ol ghas

ULl e pazms vy g Jolos
35 oS

sl ol

[ I RSO R RN



o o i)

;b Juoni: 1 6ghrall
# DataFlair Iris Flower Classification
# Import Packages
import numpy as np
import matplotlib.pyplot as plt
import seaborn as sns
import pandas as pd
$matplotlib inline
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columns = ['Sepal length', 'Sepal width', 'Petal length', 'Petal
width', 'Class labels']

# Load the data

df = pd.read csv('iris.data', names=columns)

df .head ()
Gos sganll ool il pdread esvO) phisenl SULI famcy o U3 dn

dris ©lle &l glaed

Aol U grais i3 JI CSV i .CSV wliks Pdread csv 1, o
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In [7]: df.head()

) A
Y Sepal length Sepal width Petal length Petal width Class_labels
0 5.1 35 14 0.2 Iris-setosa
1 49 3.0 14 0.2 Iris-setosa
2 47 3.2 13 0.2 Iris-setosa
3 46 31 1.5 0.2 Iris-setosa
4 5.0 36 14 0.2 Iris-setosa

(@ gnjg bl dcgono Julad 2 dghhall
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# Some basic statistical analysis about the data
df .describe ()
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In [8]: # Some basic statistical analysis about the data
df.describe()

out[8]:

Sepal length Sepal width Petal length

Petal width

count
mean
std
min
25%
50%
75%

max

150.000000
5.843333
0.828066
4.300000
5.100000
5.800000
6.400000
7.900000

150.000000
3.054000
0.433594
2.000000
2.800000
3.000000
3.300000
4.400000

150.000000
3.758667
1.764420
1.000000
1.600000
4.350000
5.100000
6.900000

150.000000
1.198667
0.763161
0.100000
0.300000
1.300000
1.800000
2.500000
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# Visualize the whole dataset
sns.pairplot (df, hue='Class labels')
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In [9]: # Visvalize the wh
sns.pairplot(df, hue=

<seaborn.axisgrid.PairGrid at 0x7f4350a23a96>
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# Separate features and target
data = df.values

X = datal[:,0:4]

Y = datal:,4]

Bl Ll e Sl ok Lad s @

# Calculate average of each features for all classes
Y Data = np.array([np.average (X[:, i][Y==]j].astype('float32')) for i
in range (X.shape[l])
for j in (np.unique(Y))])
Y Data reshaped = Y Data.reshape (4, 3)
Y Data reshaped = np.swapaxes (Y Data reshaped, 0, 1)
X axis = np.arange(len(columns)-1)

width = 0.25
b gipall e lawgodl Np.average cowsey  ®
list ool el 5o M AB i for pedle b Ledseul e
.comprehension
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# Plot the average

plt.bar (X axis, Y Data reshaped[0], width, label = 'Setosa')
plt.bar (X axis+width, Y Data reshaped[l], width, label =
'Versicolour')

plt.bar (X axis+width*2, Y Data reshaped[2], width, label =
'Virginica')

plt.xticks(X_axis, columns[:4])

plt.xlabel ("Features")

(
plt.ylabel ("Value in cm.")
plt.legend(bbox to_anchor=(1.3,1))
plt.show ()
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# Split the data to train and test dataset.
from sklearn.model selection import train test split
X train, X test, y train, y test = train test split(X, Y,
test size=0.2)

by Sl gores JI LeboST DL iy Lol ctrain test split plasenl o
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# Support vector machine algorithm

from sklearn.svm import SVC

svn = SVC ()
svn.fit (X train, y train)

scikit-Learn ;o SVM deslldl Slgzenadl A1 Ciezs 3l ol L L o
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.svn.fit()
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# Predict from the test dataset
predictions = svn.predict (X test)

# Calculate the accuracy

from sklearn.metrics import accuracy score
accuracy score(y test, predictions)
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# A detailed classification report
from sklearn.metrics import classification report
print (classification report (y test, predictions))

precision recall fl-score support
Iris-setosa 1.00 1.00 1.00 ©
Iris-versicolor 1.00 0.83 0.91 12

Iris-virginica 0.82 1.00 0.90 9
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accuracy 0.93 30
macro avg 0.94 0.94 0.94 30
weighted avg 0.95 0.93 0.93 30
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X new = np.array([[3, 2, 1, 0.2], [ 4.9, 2.2, 3.8, 1.1 ], [ 5.3,
2.5, 4.6, 1.9 11)
#Prediction of the species from the input vector
prediction = svn.predict (X new)
print ("Prediction of Species: {}".format (prediction))
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Price Prediction using Machine Learning
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data.drop(columns=["'Unnamed: 0'],inplace=True)


https://github.com/Raghavagr/Laptop_Price_Prediction/blob/main/laptop_data.csv
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## remove gb and kg from Ram and weight and convert the cols to
numeric

data['Ram'] = data['Ram'].str.replace("GB", "")

data['Weight'] = datal['Weight'].str.replace("kg", "")
data['Ram'] = data['Ram'].astype('int32")

data['Weight'] = data['Weight'].astype('float32"')
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sns.distplot (data['Price'])
plt.show ()
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#what is avg price of each brand?
sns.barplot (x=datal'Company'], y=datal['Price'])
plt.xticks (rotation="vertical")

plt.show()
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#data['TypeName'].value counts().plot (kind='bar')
sns.barplot (x=datal['TypeName'], y=datal['Price'l])
plt.xticks (rotation="vertical")

plt.show ()
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sns.scatterplot (x=data['Inches'],y=datal'Price'])
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data['Touchscreen'] = datal'ScreenResolution'].apply(lambda x:1 if
'Touchscreen' in x else 0)

#how many laptops in data are touchscreen

sns.countplot (datal'Touchscreen'])

#Plot against price

sns.barplot (x=datal'Touchscreen'], y=datal['Price'])
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#extract IPS column
data['Ips'] = data['ScreenResolution'].apply(lambda x:1 if 'IPS' in x

else 0)
sns.barplot (x=datal['Ips'],y=datal['Price'])
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def findXresolution (s)
return s.split() [-1].split("x") [0]
def findYresolution(s):
return s.split() [-1].split("x") [1]
#finding the x_res and y_res from screen resolution
data['X res'] = data['ScreenResolution'].apply(lambda x:
findXresolution (x))
data['Y res'] = data['ScreenResolution'].apply(lambda y:
findYresolution (y))
#convert to numeric
data['X res'] = data['X res'].astype('int')
data['Y res'] = data['Y res'].astype('int'")
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data['ppi']l = (((data['X res']**2) +

(data['Yires']**Z))**0.5/data['1nches']).astype('float')
data.corr () ['Price'].sort values (ascending=False)

o gd BMe & el Hland a5 50 0B ) BLS,H 6 5 Lade oY)

data.corr()['Price’].sort_values(ascending=False)

Price 1.000000
Ram 9.743007
X_res ©.556529
Y _res ©.552809
ppi ©.473487
Ips ©.252208
Weight 9.210370
Touchscreen ©.191226
Inches ©.068197

MName: Price, dtype: floate4
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data.drop(columns = ['ScreenResolution', 'Inches',6 'X res','Y res'],
inplace=True)
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#first we will extract Name of CPU which is first 3 words from Cpu

column and then we will check which processor it 1is
def fetch processor (x):

cpu_name = " ".join(x.split() [0:3])
if cpu name == 'Intel Core i7' or cpu name == 'Intel Core i5' or
cpu name == 'Intel Core i3':
return cpu name
elif cpu name.split () [0] == 'Intel':
return 'Other Intel Processor'
else:
return 'AMD Processor'
data['Cpu _brand'] = data['Cpu'].apply(lambda x: fetch processor(x))
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sns.barplot (x=data['Cpu_brand'],y=data['Price'])
plt.xticks (rotation="'vertical')
plt.show ()
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sns.barplot (data['Ram'], datal['Price'l])
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plt.show ()
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#preprocessing

data['Memory'] = data['Memory'].astype(str) .replace('.0', '',
regex=True)

data["Memory"] = data["Memory"].str.replace('GB', '')
data["Memory"] = data["Memory"].str.replace('TB', '000")

new data["Memory"].str.split ("+", n = 1, expand = True)

[
data["first"]= newl[0]
data["first"]=data["first"].str.strip()
[
[

data["second"]= new[1l]

data["LayerlHDD"] = data["first"].apply(lambda x: 1 if "HDD" in x else
0)

data["LayerlSSD"] = data["first"].apply(lambda x: 1 if "SSD" in x else
0)

data["LayerlHybrid"] = data["first"].apply(lambda x: 1 if "Hybrid" in
x else 0)

data["LayerlFlash Storage"] = data["first"].apply(lambda x: 1 if
"Flash Storage" in x else 0)

data['first'] = datal['first'].str.replace(x'D', '")
data["second"].fillna ("0", inplace = True)

data["Layer2HDD"] = data["second"].apply(lambda x: 1 if "HDD" in x
else 0)

data["Layer2SSD"] = data["second"].apply(lambda x: 1 if "SSD" in x
else 0)

data["Layer2Hybrid"] = data["second"].apply(lambda x: 1 if "Hybrid" in
x else 0)

data["Layer2Flash Storage"] = data["second"].apply(lambda x: 1 if
"Flash Storage" in x else 0)

data['second'] = data['second'].str.replace(r'D', '')

#binary encoding

data["Layer2HDD"] = data["second"].apply(lambda x: 1 if "HDD" in x
else 0)

data["Layer2SSD"] = data["second"].apply(lambda x: 1 if "SSD" in x
else 0)

data["Layer2Hybrid"] = data["second"].apply(lambda x: 1 if "Hybrid" in

x else 0)
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data["Layer2Flash Storage"] = data["second"].apply(lambda x: 1 if
"Flash Storage" in x else 0)
#only keep integert (digits)

data['second'] = data['second'].str.replace(r'D', ''")

#convert to numeric

data["first"] = data["first"].astype (int)

data["second"] = data["second"].astype (int)

#finalize the columns by keeping value
data["HDD"]=(data["first"]*data["LayerlHDD"]+data["second"]*data["Laye
r2HDD"])
data["SSD"]=(data["first"]*data["LayerlSSD"]+data["second"]*data["Laye
r2SSD"])
data["Hybrid"]=(data["first"]*data["LayerlHybrid"]+data["second"]*data
["Layer2Hybrid"])

data["Flash Storage"]=(data["first"]*data["LayerlFlash Storage"]+datal[

"second"]*data["Layer2Flash Storage"])
#Drop the un required columns
data.drop (columns=['first', 'second', 'LayerlHDD', 'LayerlSSD',
'LayerlHybrid',

'LayerlFlash Storage', 'Layer2HDD', 'Layer2SSD',
'Layer2Hybrid’',

'Layer2Flash Storage'],inplace=True)

TR T R DIV PR RVRES skas] 4 Lo o3 8 511 5 pee ke Lad Nl
PSSl o drsn ks dsn R ol O ) ko 051 o 350 JS g 50
> o 0555 oY perd) G e 5 oo g ST g0 Al 5 e U pamms
S5 gonll (g s (J gomeadl 5 5eaSIl (353 5250 BSLIN Dnil] 3ISTI3L5 I Y1 3,
o ol s Lad (opme 3 g0e GUS dn sy LIB1 ) Sles LB s clgde
God o 5o Lol pooms 5 meS (6T Biime 5,515 5405 Dl BT ony Ma L2502
Lty O e goreadl a2 ) ey el SV Aol o s Bkl 5 oS ASLS
Sl o Gl e o Aol S0 A3 B e g 5om I  goread 5 5eaS)

Z .

Jae

Uosans ol J5T Loyl (23l saenlls gl cps3ell 0585 madl BLSSI (55 Lo OV
Apgllas s o3 218 ST &3S el Badlaadl 8 g o 5 gl s Uil s andl o

data.drop(columns=['Hybrid',6 'Flash Storage', 'Memory', 'Cpu'],inplace=Tr
ue)
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REpIEY
# Which brand GPU is in laptop
data['Gpu brand'] = data['Gpu'l].apply(lambda x:x.split () [0])
#there is only 1 row of ARM GPU so remove it
data = data[data['Gpu brand'] != 'ARM']

data.drop (columns=['Gpu'], inplace=True)
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#Get which OP sys
def cat os(inp):

if inp == 'Windows 10' or inp == 'Windows 7' or inp == 'Windows 10
S':
return 'Windows'
elif inp == 'macOS' or inp == 'Mac 0S X':
return 'Mac'
else:

return 'Others/No OS/Linux'
data['os'] = data['OpSys'].apply(cat_os)
data.drop (columns=['0OpSys'],inplace=True)

Dns 2T 0555 sbaallS Mac 0 « Jortall plss Jolie jaedl s p 535 Lo

sns.barplot (x=datal['os'],y=data['Price'])
plt.xticks (rotation="'vertical')
plt.show()
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sns.distplot (np.log(datal'Price']))
plt.show ()
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from sklearn.model selection import train test split
from sklearn.compose import ColumnTransformer
from sklearn.pipeline import Pipeline
from sklearn.preprocessing import OneHotEncoder
from sklearn.metrics import r2 score,mean absolute error
from sklearn.linear model import LinearRegression,Ridge,Lasso
from sklearn.neighbors import KNeighborsRegressor
from sklearn.tree import DecisionTreeRegressor
from sklearn.ensemble import
RandomForestRegressor, GradientBoostingRegressor, AdaBoostRegressor, Extr
aTreesRegressor
from sklearn.svm import SVR
from xgboost import XGBRegressor

bl G Y 035 Gl 20 Sy Slaisl 35 « bl prenied LS o) el Liad A1)
183 sl Sload sl el oz 25 (g S5 o oYl 5
Juiallg wy il by (JI roaaus Ul
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X = data.drop(columns=['Price'])
y = np.log(data['Price'])

X_train,X test,y train,y test =
train test split(X,y,test size=0.15,random state=2)

X.head()
Company TypeName Ram Weight Touchscreen Ips ppi Cpu_brand HDD SSD Gpu_brand os
0 Apple  Ultrabook 8 1.37 0 1 226.983005 Intel Core i5 0 128 Intel Mac
1 Apple  Ultrabook 8 1.34 0 0 127.677940 Intel Core i5 0 0 Intel Mac
2 HP  Notebook 8 1.86 0 0 141.211998 Intel Core i5 0 256 Intel  Others/No OS/Linux
3 Apple Ultrabocok 16 1.83 0 1 220.534624 Intel Core i7 0 512 AMD Mac
4 Apple  Ultrabook 8 1.37 0 1 226.983005 Intel Core i5 0 256 Intel Mac
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stepl = ColumnTransformer (transformers=|
("col tnf',OneHotEncoder (sparse=False,drop="first'),[0,1,7,10,11])
], remainder="passthrough')
step2 = RandomForestRegressor (n_estimators=100,
random state=3,
max_samples=0.5,
max_features=0.75,
max_depth=15)
pipe = Pipeline ([
("stepl',stepl),
("step2', step2)
1)
pipe.fit (X _train,y train)
y _pred = pipe.predict (X_test)
print ('R2 score',r2 score(y test,y pred))
print ('MAE',mean absolute error (y test,y pred))
Ryl Jolosl) 035 5 2l 3as W 8 B0 2l S5m0 Y155l S
& Lede cla> 85 i P LS 6,51 iwd )l sdes VIR andom Forest dlaioll
Lol el oS sl 58 (6 AT 8 o 1 s pltbenl iSlay oS0 .GUBYI e
21 Ul Lglalas sRandom Forest pladwl 281 labrall oy oLl Sy .
GridsearchCV i Random Search CV Y ¢S (el 8 5a oL Lo ey .
S fgL, éT &d>-sRandom Forest.
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Sentiment Analysis using Machine Learning
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import pandas as pd

import numpy as np

from sklearn.feature extraction.text import CountVectorizer
from sklearn.model selection import train test split

from sklearn.tree import DecisionTreeClassifier

import re

import nltk

import nltk

data =

pd.read csv("https://raw.githubusercontent.com/amankharwal/Website-
data/master/twitter.csv")

print (data.head())
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4 4 6 (2] 6 (-] 1
tweet

@ !l! RT @mayasolovely: As a woman you shouldn't...

1 !1111 RT @mleewl7: boy dats cold...tyga dwn ba

2 111111 RT @UrKindOfBrand Dawg!!!! RT @8@sbaby

3 11111 RT @C_G_Anderson: @viva_based she lo

4 11HIEEnnnrirr RT @ShenikaRoberts: The shit you

glow A ol sl e oMel SbLdlde sazes (dtweet column Sl &l 5 sas 6 o
ks Lle iy (BB pzall (ST LEBU1 GepSilaadl et Jlowd Lalibend )
a1 e 2SI e (g g by el e 0Y (o Y1 Aol 5 g0 015 el e 2SN
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nltk.download('stopwords')

stemmer = nltk.SnowballStemmer ("english")
from nltk.corpus import stopwords

import string

stopword=set (stopwords.words ('english'))

def clean(text):
text = str(text).lower ()
text = re.sub('\[.*?\]"', '', text)
text = re.sub('https?://\S+|www\.\S+', '', text)

text = re.sub('<.*?>+', '', text)

text = re.sub('[%s]' % re.escape(string.punctuation), '', text)
text = re.sub('\n', '', text)

text = re.sub ("\w*\d\w*', '', text)

text = [word for word in text.split(' ') if word not in stopword]
text=" ".join (text)

text = [stemmer.stem(word) for word in text.split(' '")]

text=" ".join (text)

return text
data["tweet"] = data["tweet"].apply(clean)

e iy el B s I3l ey eliadl Ol s Ol o AL 3 plasdl (V)
Sl Olas 248 S| sl ol neutral negative dlw sl positive dvlowl L
oyl el

from nltk.sentiment.vader import SentimentIntensityAnalyzer
nltk.download('vader lexicon')

sentiments = SentimentIntensityAnalyzer ()

data["Positive"] = [sentiments.polarity scores(i) ["pos"] for i in
data["tweet"]]

data["Negative"] = [sentiments.polarity scores (i) ["neg"] for i in
data["tweet"]]

data["Neutral"] = [sentiments.polarity scores (i) ["neu"] for i in
data["tweet"]] N
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data = datal[["tweet", "Positive",
"Negative", "Neutral"]]

print (data.head())

AW N R e

rt mayasolov woman shouldnt complain clean ho...

rt boy dat coldtyga dwn bad cuffin dat hoe

rt urkindofbrand dawg rt ever fuck bitch sta...
rt cganderson vivabas look like tranni

rt shenikarobert shit hear might true might f...

Neutral
6.696
6.720
0.423
0.667
©6.440

tweet Positive

0.147
©.000
©6.0600
©8.333
©8.154

Negative
9.157
9.280
9.577
0.000
9.407

:Twitter

elidl byl Gb s ol 3l sl B st 25 Catandl Je s Ja gl oV Les

by
|

def

= sum(data["Positive"])
= sum(data["Negative"])

sum (data["Neutral"]

sentiment score(a, b, c):
if (a>b) and (a>c):

print ("Positive

elif (b>a) and (b>c):

G

print ("Negative & ")

else:

print ("Neutral & ")

sentiment score(x, y, z)

Neutral =

s b les oYl 3 bl ¢ 3 om Lo sllows ol 3l wJama 316 1
Les OV &b ¥ olowl cnd Ll foo Lo bloes by o 10

print ("Positive:

"R

print ("Negative: ", vy)
print ("Neutral: ", z)

Positive: 2880.086000000009
Negative: 7201.020999999922
Neutral: 14696.887999999733

Selidl ol s Jla]
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Car Price Prediction with (JII plcil go 6juul jlewwl 6895 (4
Machine Learning
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import numpy as np
import pandas as pd
import matplotlib.pyplot as plt


https://raw.githubusercontent.com/amankharwal/Website-data/master/CarPrice.csv

i i

import seaborn as sns
from sklearn.model selection import train test split
from sklearn.tree import DecisionTreeRegressor

data = pd.read csv("CarPrice.csv")
data.head()

car_ID symboling CarName ... citympg highwaympg price
(2] 1 3 alfa-romero giulia ... 21 27 13495.0
1 2 3 alfa-romero stelvio ... 21 27 16500.0
2 3 1 alfa-romero Quadrifoglio ... 19 26 16500.0
g 4 2 audi 180 1s ... 24 3@ 13950.0
4 5 2 audi 1@els ... 18 22 17450.0

[5 rows x 26 columns]

s gozee SII3] Low Gamell D gl oo G wodin SULI e paren (315 508 26 dr sy

(G5 il 13 Y el null values 28,6 3 Je (g g oda UL

data.isnull () .sum()

car_ID
symboling
CarName
fueltype
aspiration
doornumber
carbody
drivewheel
enginelocation
wheelbase
carlength
carwidth
carheight
curbweight
enginetype
cylindernumber
enginesize
fuelsystem
boreratio
stroke
compressionratio
horsepower
peakrpm
citympg
highwaympg

® ® ® ® ® ® ® ® ® ® ® ® ® ® O ® ® O O O O®© ® O O O O

price

dtype: intea
DSV Gan e 805 0V Gllb 2,6 (o8 (o e odn ULl e sars g 505 Y U
leme Jalas 1 S g 5 e 3,55 e J pamell (6 5-Y1 dogoll



I ol o 6 el jlewi ¢8g3

data.info()

RangeIndex: 2085 entries, @ to 2084

Data columns (total 26 columns):

# Column Non-Null Count Dtype
e car_ID 285 non=-null inted4
1 symbeoling 205 non-null inte4
2 CarName 205 non-null object
3 fueltype 205 non-null object
4 aspiration 205 non-null object
5 doornumber 285 non-null object
6 carbedy 205 non-null object
7 drivewheel 205 non-null object
8 enginelocation 205 non-null object
9  wheelbase 205 non-null floatéd
1@ carlength 285 non-null float6d
11 carwidth 205 non-null float6d
12 carheight 285 non-null float64
13 curbweight 205 non-null int64
14 enginetype 285 non-null object
15 cylindernumber 205 non-null object
16 enginesize 285 non-null int64
17 fuelsystem 285 non=-null object
18 boreratio 205 non-null floatéd
19 stroke 205 non-null floated
20 compressionratio 205 non-null float64d
21 horsepower 285 non-null int64
22 peakrpm 285 non=-null inted4
23 citympg 205 non-null inte4
24 highwaympg 205 non-null inté4
25 price 205 non-null floated

dtypes: float64(8), int64(8), object(1@)

memory usage: 41.8+ KB

print (data.describe ())

car_ID symboling wheelbase ... citympg highwaympg price
count 2@5. 2e5. 285. ... 2085.000000 2065.8e0088 205.00e088

mean lo3.000000 ©.834146  98.756585 ... 25.219512 30.751220 13276.71e571

std 59.322565 1.245307 6.821776 ... 6.542142 6.886443  7988.852332
min 1.e00000 -2.000000 86.600000 ... 13. 16. 5118.
25% 52.000000 9.000000 94.500000 ... 19. 25, 7788.
Ee% le3. 1. 97. wa 24, 3. le2s5.
75% 154.000000 2.000000 102.400000 ... 3e. 34. lese3.
max 205. 3. 12e. =co 49.000000 54.800000 45400.000008

[8 rows x 16 columns]

data.CarName.unique ()

array(['alfa-romero giulia', 'alfa-romero stelvio',
'alfa-romerc Quadrifoglio', "audi 160 1ls', 'audi 1@@ls’',
'audi fox', 'audi 5000', 'audi 400@', 'audi 508@s (diesel)’,
"bmw 320i", 'bmw x1', "bmw x3', "bmw z4', 'bmw x4', 'bmw x5',

‘chevrolet impala'. 'chevrolet monte carle'. 'chevrolet vegza 23€0'.
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'dodge rampage', 'dodge challenger se', 'dodge d2@@',

'dodge monaco (sw)", 'dodge colt hardtop', 'dodge colt (sw)',
'dodge coronet custom', 'dodge dart custom’,

'dodge coronet custom (sw)', 'honda civic', 'honda civic cvec',
'honda accord cvec', 'honda accord 1x", 'honda civic 1500 gl',
'honda accord', 'honda civic 138", 'honda prelude',

'honda civic (aute)', "isuzu MU-X', 'isuzu D-Max ',
'isuzu D-Max V-Cross', 'jaguar xj', 'jaguar xf', 'jaguar xk',
'maxda rx3', 'maxda glc deluxe', 'mazda rx2 coupe', 'mazda rx-4',
'mazda glc deluxe', 'mazda 626', "mazda glc', 'mazda rx-7 gs',
'mazda glc 4', 'mazda glc custom 1', "mazda glc custom',

'buick electra 225 custom', "buick century luxus (sw)',

'buick century', 'buick skyhawk', '"buick opel isuzu deluxe',
'buick skylark', 'buick century special’,

'buick regal sport coupe (turbo)', 'mercury cougar',

'mitsubishi mirage', 'mitsubishi lancer', 'mitsubishi outlander’,
'‘mitsubishi g4', 'mitsubishi mirage g4', 'mitsubishi montero’',
'mitsubishi pajero', 'Nissan versa', 'nissan gt-r', 'nissan rogue',
'nissan latio', 'nissan titan', "nissan leaf', 'nissan juke',
'nissan note', 'nissan clipper', "nissan nv288', 'nissan dayz',
'nissan fuga', 'nissan otti', 'nissan teana', 'nissan kicks',
'peugeot 504', 'peugeot 304', 'peugeot 504 (sw)', 'peugeot 604sl1',
'peugeot 505s turbo diesel', 'plymouth fury iii’',

'plymouth cricket', 'plymouth satellite custom (sw)',

'plymouth fury gran sedan', '"plymouth valiant', 'plymouth duster',
'porsche macan', 'porcshce panamera', 'porsche cayenne',

'porsche boxter', 'renault 12tl', 'renault 5 gtl', 'saab 9%e¢°',
'saab 99le', 'saab 99gle', 'subaru', "subaru dl', 'subaru brz',
'subaru baja', 'subaru rl', "subaru r2', 'subaru trezia',

'subaru tribeca', 'toyota corona mark ii', 'toyota corona’,
'toyota corolla 128@', 'toyota corona hardtop’,

'toyota celica gt liftback', 'toyota corolla tercel',

'toyota corona liftback®', 'toyota starlet', 'toyota tercel’,
'toyota cressida', 'toyota celica gt', 'toyouta tercel’',
'vokswagen rabbit', 'volkswagen 1131 deluxe sedan’,

'volkswagen model 111', 'volkswagen type 3', 'volkswagen 411 (sw)',
'volkswagen super beetle’', 'volkswagen dasher', 'vw dasher’,

'wvw rabbit', 'volkswagen rabbit', 'volkswagen rabbit custom',
'volvo 145e (sw)', 'volvo l4dea', 'volveo 244dl', 'volvo 245',
'volve 264gl', "volvo diesel', 'volvo 246'], dtype=object)

B I gbos Gl s penll g odn SULI e pozes (oandl 3500 0550 O S kall e
| Aja.amﬁs@jjd)} Uges .and

sns.set_style("whitegrid")

plt.figure(figsize=(15, 10))

sns.distplot (data.price)
plt.show ()
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car_ID symboling ... highwaympg price
car_ID l.000000 -0.151621 ... ©.911255 -8.1@9093
symboling -9.151621 l.000000 ... ©.034606 -8.879978
wheelbase ©.129729 -0.531954 ... -@.544082 @.577816
carlength ©.17e636 -0.357612 ... -8.784662 ©.682928
carwidth ©.952387 -0.232919 ... -8.677218 @.759325
carheight ©.255960 -0.541038 ... -©.107358 @.119336
curbweight ©.871962 -0.227691 ... -8.797465 @.835385
enginesize -9.933930 -0.1857%9@ ... -8.677470 @.874145
boreratio ©.260064 -0.130051 ... -8.587012 @.553173
stroke -9.160824 -0.008735 ... -2.843931 @.8792443
compressionratio ©.156276 -8.178515 ... ©.265201 @.967984
horsepower -0.915806 ©.970873 ... -@.770544 @.808139
peakrpm -9.203789 ©.273606 ... -@.854275 -@.085267
citympg ©.015940 -0.035823 ... @.971337 -8.685751
highwaympg ©.911255 ©.934606 ... 1.000000 -2.697599
price -0.109093 -8.979978 ... -8.697599 1.0@eee8

[16 rows x 16 columns]

plt.figure(figsize=(20, 15))
correlations = data.corr ()

sns.heatmap (correlations, cmap="coolwarm", annot=True)

plt.show ()
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predict = "price"

data = datal["symboling", "wheelbase", "carlength",
"carwidth", "carheight", "curbweight",
"enginesize", "boreratio", "stroke",
"compressionratio", "horsepower", "peakrpm",
"citympg", "highwaympg", "price"]]

x = np.array(data.drop([predict], 1))

y np.array (datal[predict])

from sklearn.model selection import train test split
xtrain, xtest, ytrain, ytest = train test split(x, y, test size=0.2)

from sklearn.tree import DecisionTreeRegressor
model = DecisionTreeRegressor ()

model.fit (xtrain, ytrain)

predictions = model.predict (xtest)

from sklearn.metrics import mean absolute error
model.score (xtest, predictions)

1.0
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Spam Detection JUI el pladiwly (lguirell oy pul SLLEAL (5

using Machine Learning
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import pandas as pd

import numpy as np

from sklearn.feature extraction.text import CountVectorizer

from sklearn.model selection import train test split

from sklearn.naive bayes import MultinomialNB

data = pd.read csv("https://raw.githubusercontent.com/amankharwal/SMS-
Spam-Detection/master/spam.csv", encoding= 'latin-1"'")

data.head()
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class message Unnamed: 2 Unnamed: 3 Unnamed: 4
0 ham Go until jurong point, crazy.. Available only ... NaN NaN NaN
1 ham Ok lar... Joking wif u oni... NaN NaN NaN
2 spam Free entry in 2 a wkly comp to win FA Cup fina... NaN NaN NaN
3 ham U dun say so early hor... U c already then say... NaN NaN NaN
4 ham Nah | don't think he goes to usf, he lives aro... NaN NaN NaN

Ol HLu o)l b5l s message dlu JIy class &l coda UL e gazes y0
byes G clgd 58 50dl b oIl GLaST e SV (el 3 50 Cpptd Lagrbios
data = data[["class", "message"]]
;515« C.b‘}a.\j‘ VPR Y )L".&-\j VRV CJLPM ;;l oda CJL:L:.J‘ a&‘}a}w r.m-a_) oYl Les
b st ol b il )l GLess)
np.array(data["message"])
np.array(data["class"])
= CountVectorizer ()
X = cv.fit transform(x) # Fit the Data

X train, X test, y train, y test = train test split(X, vy,
test size=0.33, random state=42)

X
y
cv

clf = MultinomialNB ()
clf.fit (X train,y train)

(e 0713 L SLESY Ul ptsetncedl JUmaf T UM a3 50l i i 01 L
sample = input ('Enter a message:')

data = cv.transform([sample]) .toarray ()
print (clf.predict (data))

Enter a message:You won $40 cash price
['spam’]
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Breast Cancer JII pdcil JUi yo gall ylojw @LuiAl (6
Detection with Machine Learning
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I (5 g e el oy By S 1l 2ST s Breast Cancer (21 ol o da
leluas Gy ol b das ol Sl s saudzdl ol oVl LI oo S
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from sklearn.datasets import load breast cancer

from sklearn.model selection import train test split
from sklearn.naive bayes import GaussianNB

from sklearn.linear model import LinearRegression
from sklearn.metrics import accuracy score

Bke Lot Il Sl ghaall (r doge B gazme JSU sldr Sl i eli] ) 0V plow
1l el Gl UL s gazes dland] s s

data = load breast cancer ()

label names = data["target names"]

labels = data["target"]

feature names = data["feature names"]
features = data["data"]

SULl e pore agd) (UL e s (Foidodl Sloslandl o G sazme JSU 03 OV Lol
o) )l Sl dolb 5o b e LLL e 50 Al bes « Jadl i L ol
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print (label names)

print ("Class label :", labels[O0])
print (feature names)

print (features[0], "\n")

['malignant’ 'benign’]
Class label : ©

['mean radius' 'mean texture' 'mean perimeter' 'mean area’'

"mean smoothness' 'mean compactness’' 'mean concavity'

'mean concave points' 'mean symmetry' "mean fractal dimension'
"radius error' 'texture error' 'perimeter error' "area error'
"smoothness error' '"compactness error' 'concavity error’

"concave points error' 'symmetry error' 'fractal dimension error'
'worst radius' 'worst texture' 'worst perimeter' 'worst area’

'worst smoothness' "worst compactness' ‘werst concavity’

'worst concave points' 'worst symmetry' 'worst fractal dimension']
[1.799e+01 1.838e+81 1.228e+82 1.801e+@3 1.184e-81 2.776e-01 3.081le-01
1.471e-01 2.419e-01 7.871e-82 1.8952+00 9.053e-01 8,589e+00 1.534e+02
6.399e-03 4.904e-02 5,373e-082 1.587e2-02 3.003e-02 6.193e-03 2.538e+01
1.733e+01 1.846e+02 2.019e+83 1.622e-01 6.656e-81 7.119e-01 2.654e-01
4.601e-01 1.189e-01]

Ly ol JYI ol 23 500 b L3BLy e ol LSy (LB oo (o3 0 iy OV
1 Ol BLEST daged Naive Bayes 4,1 5 pldscls

bl dcgono oyl

PLadl IS oL 28 e b Sy e 3 el sLesl Gl ke o ciinadl el ]
o5 i sazen fomend | ULy pudle (g0 Ol e a2 YT (el 23 5
1120 Lo HLel de gozeas /.80 doiy

train, test, train labels, test labels = train test split (features,
labels, test size=0.2,random state=42)

Sl gl jw g @A UNaive Bayes olaa il

3505 daged Tl s 65 B 5 e JST5 o JYI ol 3L e Ll Sl
ples dple St A S8 Jord Aoy ooyl o 58500 (g8l Ol p isST)
‘Naive Bayes civas a5 ( SL) izl

gnb = GaussianNB ()
gnb.fit (train, train labels)
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preds = gnb.predict (test)
print (preds, "\n")

[Leel11e0e@1112101@0111le1l11l1ell1ll1111e@l1l1l111l11le
1111111111180 llllleelleellleelleele
l1l111119l1lleeeeelllllllleeleeleelllelle
11 e]
IW e Ld gl I35 B el Lelas cdidsdl ol wliinss s sazes f‘bd;wl.)
.(preds L test labels) 53 saaedl & ,Lis
azod BUI June o) Scikit-Learn W ,b 50 ol accuracy score () dls r.b‘;wiw
L ol Y1 ol
print (accuracy score (test labels, preds))

©.9736842185263158
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Prediction using Machine Learning
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import pandas as pd
import matplotlib.pyplot as plt

import seaborn as sns
import numpy as np

$matplotlib inline
sns.set style("whitegrid")
plt.style.use("fivethirtyeight")
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df = pd.read csv("heart.csv")
df .head()

age sex cp trestbps chol fbs restecg thalach exang oldpeak slope ca thal target

0 863 1 3 145 233 1 0 150 0 2.3 0 o 1 1
137 1 2 130 250 0 1 187 0 3.5 0 0 2 1
2 M 0o 1 130 204 0 0 172 0 14 2 0 2 1
3 56 1 1 120 236 0 1 178 0 0.8 2 0 2 1
4 57 0 0 120 354 0 1 163 1 0.6 2 0 2 1

duslirA il bl Jdaj

.ixécyvﬁm Lo 48 ,aad Leddowig Cubgg\%jb‘g;lcybé %jga?}U\)Ude\gfi»ﬁ Jﬁ
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pd.set_option("display.float", "{:.2f}".format)
df .describe ()

age sex cp trestbps chol fbs restecg thalach exang oldpeak slope ca thal target

count 303.00 303.00 303.00 303.00 303.00 30300 30300 303.00 303.00 303.00 303.00 303.00 303.00 303.00

mean  54.37 0.68 0.97 131.62 246.26 015 053 14965 0.33 1.04 1.40 0.73 2.3 0.54
std 9.08 0.47 1.03 17.54 51.83 0.36 0.53 2291 0.47 1.16 0.62 1.02 0.61 0.50
min  29.00 0.00 0.00 94.00 126.00 0.00 0.00 71.00 0.00 0.00 0.00 0.00 0.00 0.00

25%  47.50 0.00 0.00 120.00 211.00 0.00 0.00 133.50 0.00 0.00 1.00 0.00 2.00 0.00
50%  55.00 1.00 1.00 130.00 240.00 0.00 1.00 153.00 0.00 0.80 1.00 0.00 2.00 1.00
75%  61.00 1.00 2.00 140.00 274.50 0.00 1.00 166.00 1.00 1.60 2.00 1.00 3.00 1.00
max  77.00 1.00 3.00 200.00 564.00 1.00 200 202.00 1.00 6.20 2.00 4.00 3.00 1.00

df.target.value counts().plot (kind="bar", color=["salmon",
"lightblue"])


https://raw.githubusercontent.com/amankharwal/Website-data/master/heart.csv
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e <matplotlib.axes. subplots.AxesSubplot at Bx7f668edc6550>
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# Checking for messing values
df.isna () .sum()

age
sex

cp
trestbps
chol

fbs
restecg
thalach
exang
oldpeak
slope

ca

thal

@ 0 0 ®© 0 0 0 0 ® O ® 0 0O O

target
dtype: int6&4

4,0 ﬁé tgdea:ﬂ Y C45>-6J5£Lw)u e oda CDUE#‘;;}AQL‘jJ;

categorical val = []
continous val = []
for column in df.columns:
print (' ")
print (£f"{column} : {df[column].unique()}")
if len(df[column] .unique()) <= 10:
categorical val.append (column)
else:
continous_val.append (column)
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age : [B3 37 41 56 57 44 52 54 43 49 64 58 58 66 43 69 59 42 61 48 71 51 &5 53
46 45 39 47 62 34 35 29 55 68 67 68 T4 7o 7@ 38 77]

5]
o

trestbps @ [145 13@ 12e 148 172 152 118 135 1e@ 185 135 142 155 184 138 123 1e8 134
122 115 118 18@ 124 94 112 182 152 181 132 148 178 129 186 136 126 186
156 178 148 117 288 165 174 192 144 123 154 114 164]

chol : [233 258 284 236 354 192 294 263 199 168 239 275 266 211 283 219 348 276

247 234 243 382 213 175 417 197 198 177 V3 213 34 337 269 368 388 245
288 264 321 325 235 A57 Ilb 256 231 141 252 2@l 222 Zp® 18I 3083 265 389
186 283 183 228 2089 258 227 261 221 285 248 31B 298 564 277 214 248 255
287 223 JAE 168 394 315 246 244 278 195 196 254 126 313 J62 215 193 371
268 267 Z18 295 386 178 242 180 2B 149 ZVE 253 342 157 286 229 284 224
286 167 238 335 276 353 2325 338 2948 172 385 18E 282 185 326 274 1sd 387
249 341 487 1T 174 JA1 289 327 299 3pd 293 184 489 359 @@ 327 337 I18
319 166 311 169 187 176 241 131]

thalach : [150 187 172 178 163 148 153 173 162 174 169 139 171 144 158 114 151 161
179 137 157 123 152 168 148 188 125 179 165 142 188 143 182 156 115 149
146 175 186 185 159 138 194 132 147 154 282 166 164 184 122 169 138 111
145 194 131 133 155 167 192 121 95 126 185 181 116 188 129 128 112 128
189 113 99 177 141 136 97 127 183 124 88 195 186 95 117 71 118 134
98]

exang : [@ 1]

oldpeak : [2.3 3.5 1.4 8.8 9.6 9.4 1.3 8. 8.5 1.6 1.2 8.2 1.8 1. 2.5 1.5 3. 2.4
8.1 1.9 4.2 1.1 2. 8.7 8.38.9 3.6 3.1 3.3 2.5 2.2 2.8 3.46.24. 5.6
2.9 2.1 3.8 4.4]

target @ [1 8]

plt.figure(figsize=(15, 15))

for i, column in enumerate (categorical val, 1):
plt.subplot (3, 3, i)

df [df ["target"] == 0] [column].hist (bins=35, color='blue',
label="Have Heart Disease = NO', alpha=0.6)
df [df ["target"] == 1] [column].hist (bins=35, color='red',

label="'Have Heart Disease = YES', alpha=0.6)
plt.legend()
plt.xlabel (column)
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mmm Have Heart Disease = NO mmm Have Heart Disease = NO 140 m=m Have Heart Disease = NO

100
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plt.figure(figsize=(15, 15))
for i, column in enumerate(continous val, 1):
plt.subplot (3, 2, 1)
df [df ["target"] == 0] [column].hist (bins=35, color='blue',
label='Have Heart Disease = NO', alpha=0.6)
df [df ["target"] == 1] [column].hist (bins=35, color='red',

label="'Have Heart Disease = YES', alpha=0.6)
plt.legend()
plt.xlabel (column)
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# Create another figure
plt.figure(figsize=(10, 8))

# Scatter with postivie examples

plt.scatter (df.age[df.target==1],
df.thalach[df.target==1],
c="salmon")

# Scatter with negative examples

plt.scatter (df.age[df.target==0],
df.thalach[df.target==0],
c="lightblue")

# Add some helpful info

plt.title("Heart Disease in function of Age and Max Heart Rate")
plt.xlabel ("Age")

plt.ylabel ("Max Heart Rate")

plt.legend(["Disease"”, "No Disease"]);

Heart Disease in function of Age and Max Heart Rate
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# Let's make our correlation matrix a little prettier
corr matrix = df.corr()
fig, ax = plt.subplots(figsize=(15, 15))
ax = sns.heatmap (corr matrix,
annot=True,
linewidths=0.5,
fmt=".2£",
cmap="Y1GnBu") ;
bottom, top = ax.get ylim()
ax.set ylim(bottom + 0.5, top - 0.5)



79 alioll §uyhn e DI ol

age sex @  testbps  chol s restecg thalach exang oldpeak  slope @ tal  target

df.drop('target', axis=1).corrwith(df.target) .plot (kind='bar"',
grid=True, figsize=(12, 8), title="Correlation with target")

Correlation with target
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categorical val.remove ('target')
dataset = pd.get dummies (df, columns = categorical val)

from sklearn.preprocessing import StandardScaler

s_sc = StandardScaler ()
col to scale = ['age', 'trestbps', 'chol', 'thalach', 'oldpeak']
dataset[col to scale] = s sc.fit transform(dataset[col to scale])
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from sklearn.metrics import accuracy score, confusion matrix,
classification report

def print score(clf, X train, y train, X test, y test, train=True):
if train:

pred = clf.predict (X train)

clf report = pd.DataFrame (classification report(y train, pred,
output_dict=True))

print ("Train
Result:\n W)

print (f"Accuracy Score: {accuracy score(y train, pred) *
100:.2f}%")

print (" ")

print (£"CLASSIFICATION REPORT:\n{clfireport}")

print (" ")

print (f"Confusion Matrix: \n {confusion matrix(y train,
pred) }\n")

elif train==False:
pred = clf.predict (X test)
clf report = pd.DataFrame (classification report(y test, pred,
output dict=True))
print ("Test

Result:\n "
print (f"Accuracy Score: {accuracy score(y test, pred) *
100:.2£}1%"™)
print (" "

print (£"CLASSIFICATION REPORT:\n{clf_report}“)
print (" "
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print (f"Confusion Matrix: \n {confusion matrix(y test,

pred) }\n")
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from sklearn.model selection import train test split

X = dataset.drop('target', axis=1)
y dataset.target

X train, X test, y train, y test = train test split(X, vy,
test size=0.3, random state=42)
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from sklearn.linear model import LogisticRegression

lr clf = LogisticRegression(solver='liblinear")
lr clf.fit(X train, y train)

print score(lr clf, X train, y train, X test, y test, train=True)
print score(lr clf, X train, y train, X test, y test, train=False)

Train Result:

Accuracy Score: 86.79%

CLASSIFICATION REPORT:

%] 1 accuracy macro avg weighted avg
precision ©.88 ©.86 .87 08.87 9.87
recall .82 8.90 @.87 0.86 0.87
fl-score 0.85 9.88 Q.87 .87 0.87
support 97.00 115.00 0.87 212.00 212.00

Confusion Matrix:
[[ 88 17]
[ 11 1041]

Test Result:

Accuracy Score: 86.81%

CLASSIFICATION REPORT:

2] 1 accuracy macro avg weighted avg
precision ©.87 ©.87 .87 0.87 0.87
recall ©.83 ©6.%0 0.87 0.86 0.87
fl-score ©.85 ©.88 0.87 9.87 9.87
support 41.00 56.00 0.87 91.00 91.00

Confusion Matrix:
[[3a 7]
[ 54511



I ol pola At Lilél Al poly gl

test score = accuracy score(y test, 1lr clf.predict(X test)) * 100
train score = accuracy score(y train, lr clf.predict(X train)) * 100

results df = pd.DataFrame (data=[["Logistic Regression", train score,

test score]],
L}

columns=["'Model', 'Training Accuracy %',

o

'Testing Accuracy %'])
results df

Model Training Accuracy % Testing Accuracy %

Logistic Regression 86.79 86.81
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e K-nearest neighbors

e Convolutional neural networks
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from python speech features import mfcc
import scipy.io.wavfile as wav
import numpy as np


http://marsyas.info/downloads/datasets.html
http://marsyas.info/downloads/datasets.html
http://marsyas.info/downloads/datasets.html
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from tempfile import TemporaryFile
import os

import pickle

import random

import operator

import math
import numpy as np

el e fally S eadl lgaie o Bloadl Lle J gaseld Bl s .2

def getNeighbors (trainingSet, instance, k):

distances = []
for x in range (len(trainingSet)):
dist = distance(trainingSet[x], instance, k )+

distance (instance, trainingSet[x], k)
distances.append( (trainingSet([x][2], dist))
distances.sort (key=operator.itemgetter (1))
neighbors = []
for x in range (k) :
neighbors.append(distances[x][0])
return neighbors

def nearestClass (neighbors) :
classVote = {}

for x in range (len (neighbors)) :
response = neighbors[x]
if response in classVote:
classVote[response]+=1
else:
classVote[response]=1

sorter = sorted(classVote.items (), key = operator.itemgetter(l),

reverse=True)
return sorter[0][0]

def getAccuracy(testSet, predictions):

correct = 0
for x in range (len(testSet)):
if testSet[x][-1]==predictions[x]:

correct+=1
return 1.0*correct/len (testSet)

:“my.dat” .dat S5 cals dolall oda o5 UL Ao gares 0 Dl 5 .5

directory = " path to dataset "
f= open ("my.dat" , 'wb')
i=0

for folder in os.listdir (directory) :

i+=1

if i==11
break

for file in os.listdir (directory+folder):
(rate,sig) = wav.read(directory+folder+"/"+file)
mfcc feat = mfcc(sig,rate ,winlen=0.020, appendEnergy = False)
covariance = np.cov(np.matrix.transpose (mfcc_ feat))
mean matrix = mfcc feat.mean (0)
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feature = (mean matrix ,
pickle.dump (feature , f£)

f.close()

covariance , 1)
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dataset = []
def loadDataset (filename , split ,
with open("my.dat" 'rb') as
while True:
try:

trSet ,
i 8

teSet) :

dataset.append (pickle.load (f))

except EOFError:
f.close()
break

for x in range(len(dataset)):
if random.random() <split

trSet.append (dataset [x

else:

teSet.append(dataset[x

trainingSet = []
testSet = []

loadDataset ("my.dat" 0.66,

trainingSet,

1)
1)

testSet)
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leng = len(testSet)
predictions = []
for x in range (leng):

predictions.append (nearestClass (getNeighbors (trainingSet

,testSet[x] , 5)))

accuracyl = getAccuracy (testSet ,
print (accuracyl)
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In [4]: def get?ccuracg(testSet predictions):
or x_1in range (} { estSe
X

if testSet
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from python speech features import mfcc
import scipy.io.wavfile as wav

import numpy as np

from tempfile import TemporaryFile
import os

import pickle

import random

import operator

import math
import numpy as np
from collections import defaultdict

dataset = []
def loadDataset (filename) :
with open("my.dat" , 'rb') as f:
while True:
try:
dataset.append (pickle.load (f))
except EOFError:
f.close()
break

loadDataset ("my.dat")

def distance (instancel , instance2 , k ):
distance =0
mml = instancel[0]
cml = instancel[1l]
mm2 = instance2[0]
cm?2 = instance2[1]
distance = np.trace(np.dot (np.linalg.inv(cm2), cml))
distance+=(np.dot (np.dot ( (mm2-mml) .transpose () ,
np.linalg.inv(cm2)) , mm2-mml ))
distance+= np.log(np.linalg.det(cm2)) - np.log(np.linalg.det (cml))
distance-= k
return distance

def getNeighbors (trainingSet , instance , k):

distances =[]
for x in range (len(trainingSet)):
dist = distance(trainingSet[x], instance, k )+

distance (instance, trainingSet[x], k)
distances.append((trainingSet([x][2], dist))
distances.sort (key=operator.itemgetter (1))
neighbors = []
for x in range (k) :
neighbors.append(distances[x][0])
return neighbors

def nearestClass (neighbors) :
classVote ={}
for x in range(len(neighbors)):
response = neighbors[x]
if response in classVote:
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classVote[response]+=1
else:
classVote[response]=1
sorter = sorted(classVote.items (), key = operator.itemgetter(l),
reverse=True)
return sorter[0][0]

results=defaultdict (int)

i=1
for folder in os.listdir("./musics/wav_genres/"):
results[i]=folder
i+=1
(rate,sig)=wav.read (" path to new audio file ")
mfcc feat=mfcc(sig,rate,winlen=0.020,appendEnergy=False)
covariance = np.cov(np.matrix.transpose (mfcc feat))

mean matrix = mfcc_ feat.mean (0)
feature=(mean matrix, covariance,0)

pred=nearestClass (getNeighbors (dataset , feature , 5))
print (results|[pred])
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In [25]: from_collections import defaultdict
results=defaultdict(int)

In [26]: i=1 . ) . .

for folder in_os.listdir("./musics/wav_genres/"):
{igults[l]:folder

print(results)

defaultdict(<class 'int'>, {1: ‘disco’, 2; 'rock!, 3: 'blues’', 4:

"metal’, 5: 'hiphop', 6: 'ctassical", 7: ‘reggae', 8: 'jazz', 9: 'c

ountry', 10: 'pop'}) -
In [27]: (rate si%):wav.read("sample test.wav")

mfcc fea :mfcc(51g,rate,w1nten:0.020,appendEnerg¥:Fa15e)

covariance = np,cov(np.matrix.transpose(mfcc feat))

mean matrix = mfcc feat.mean(0)
feature=(mean matrix,covariance,0)

In [28]: pred=nearestClass(getNeighbors(trainingSet ,testSet[x] , 5))

In [29]: print(results[pred])
pop s
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import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

import seaborn as sns

from sklearn.model selection import train test split
from sklearn.preprocessing import StandardScaler
from sklearn.linear model import LogisticRegression
from sklearn.metrics import accuracy score

sns.set ()

data = pd.read csv("mobile prices.csv")
print (data.head())

battery power blue clock speed ... +touch_screen wifi price_range
4] 842 5] A2 soo (<] 1 1
1 1821 1 8.5 1 a 2
2 563 1 8.5 1 Q 2
3 615 1 2.5 Q Q 2
4 1821 1 1.2 1 e 1

[5 rows x 21 columns]
oda C’bg?‘;p)AetﬂgifJé Y EDJ\CrM>Jj|SjAP 2]'g;; CJUEJ\&P}«*A(éjan‘LU
G Les (U3 13 S0y 3 sendl s NS e ah sl LeSlay WU (83500 b e
Bl de gozes dolpnadl o BLEYI e 5k
plt.figure(figsize=(12, 10))

sns.heatmap (data.corr (), annot=True, cmap="coolwarm",
linecolor="white', linewidths=1)
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https://raw.githubusercontent.com/amankharwal/Website-data/master/mobile_prices.csv
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x = data.iloc[:, :-1].values
y = data.iloc[:, -1].values
x = StandardScaler().fit transform(x)

x_train, x test, y train, y test = train test split(x, y,
test size=0.20, random state=0)
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from sklearn.linear model import LogisticRegression
lreg = LogisticRegression ()

lreg.fit(x _train, y train)

y_pred = lreg.predict (x_test)

izl B e 5 b bes oY

accuracy = accuracy score(y_test, y pred) * 100
print ("Accuracy of the Logistic Regression Model: ", accuracy)

Accuracy of the Logistic Regression Medel: 95.5
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(unique, counts) = np.unique(y pred, return counts=True)

price range = np.asarray((unique, counts)).T
print (price_range)
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import pandas as pd

import numpy as np

from sklearn.feature extraction.text import CountVectorizer
from sklearn.model selection import train test split

from sklearn.naive bayes import BernoulliNB

data = pd.read json("Sarcasm.json", lines=True)
print (data.head())

article_link ... is_sarcastic

® https://www.huffingtonpost.com/entry/versace-b... ... e
1 https://www.huffingtonpost.com/entry/roseanne-... ... e
2 https://local.theonion.com/mom-starting-to-fea... ... 1
3 https://politics.theonion.com/boehner-just-wan... ... 1
4 https://www.huffingtonpost.com/entry/jk-rowlin... ... e

[5 rows x 3 columns]


https://raw.githubusercontent.com/amankharwal/Website-data/master/Sarcasm.json
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s Lde oy I londdl e ods SULII e sames 3'Is sarcastic” 5 yee §sou
s sarcastic s sl ol 1 oo 03 1 e &315 03 e (g 50w & pendl SBLEST
3 'sarcastic’ J] 5 senll la (3 Jsle ol |1 e .not sarcastic 3 5l cod 0

:05 1 ;o Yo "not sarcastic'

data["is sarcastic"] = data["is sarcastic"].map({0: "Not Sarcasm", 1:
"Sarcasm"})
print (data.head())

article_link ... is_sarcastic

@ https://www.huffingtonpost.com/entry/versace-b... ... Not Sarcasm
1 https://www.huffingtonpost.com/entry/roseanne-... ... Not Sarcasm
2 https://local.theonion.com/mom-starting-to-fea... ... Sarcasm
3 https://politics.theonion.com/boehner-just-wan... ... Sarcasm
4

https://www.huffingtonpost.com/entry/jk-rowlin... ... Not Sarcasm

[5 rows x 3 columns]
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data = data[["headline", "is sarcastic"]]
x = np.array(data["headline"])
y = np.array(data["is sarcastic"])

cv = CountVectorizer ()

X = cv.fit transform(x) # Fit the Data

X _train, X test, y train, y test = train test split(X, vy,
test size=0.20, random state=42)

iy el SLEST dagad 25 500 o) Bernoulli Naive Bayes &3,/ 5> oY (’WL"
model = BernoulliNB()

model.fit (X train, y train)
print (model.score (X test, y test))

0.8448146761512542

aeSG ol JYI ) 23505 ISTI3 Lo SLesY bl a8 5L Ll pten 01 Lo
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user = input ("Enter a Text: ")

data = cv.transform([user]) .toarray()

output = model.predict (data)

print (output)

Enter a Text: Cows lose their jobs as milk prices drop

['Sarcasm']
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import pandas as pd

import numpy as np

import matplotlib.pyplot as plt
$matplotlib inline

diabetes = pd.read csv('diabetes.csv')
print (diabetes.columns)

Index(['Pregnancies’, 'Glucose', 'BloodPressure’,
'SkinThickness', 'Insulin', 'BMI', 'DiabetesPedigreeFunction’,
"Age', 'Outcome'], dtype='object')

diabetes.head ()

Pregnancies Glucose BloodPressure SkinThickness Insulin EMI DiabetesPedigreeFunction Age Outcome

0 6 148 72 35 0 336 0627 50 1
1 1 85 66 29 0 266 0.351 Ex ]
2 8 183 64 0 0 233 0672 32 1
3 1 89 66 23 94 281 0167 21 0
4 0 137 40 35 168 431 2288 33 1

:L@;ﬂJQo\k«9@¢QUQM7680AL§J§J\&JAQUQ&MQ}§5

print ("dimension of diabetes data: {}".format (diabetes.shape))

dimension of diabetes data: (768, 9)

o2 xS o a2y pde o5 0 grigin I 5adl o "Outcome”
1152685 05500 Cituss 3 bl 1ak 768 1y o 5,5

print (diabetes.groupby ('Outcome') .size())


https://drive.google.com/file/d/15-JI2v_f4e3djhYP5BYVrD_jNDlb9pzW/view?usp=sharing
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dtype: int64

import seaborn as sns
sns.countplot (diabetes['Outcome'], label="Count")
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diabetes.info ()
Rangerndéx: 768 entries, @ to 767
Data columns (total 9 columns):
Pregnancies 768 non-null int64
Glucose 768 non-null int64
BloodPressure 768 non-null int64
SkinThickness 768 non-null int64
Insulin 768 non-null int64
BMI 768 non-null fleat64
DiabetesPedigreeFunction 768 non-null float64
Age 768 non-null int64
Outcome 768 non-null inté64

dtypes: float64(2), int64(7)
memory usage: 54.1 KB
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from sklearn.model selection import train test split

X train, X test, y train, y test = train test split (diabetes.loc|[:,
diabetes.columns != 'Outcome'], diabetes['Outcome'],
stratify=diabetes['Outcome'], random state=66)

from sklearn.neighbors import KNeighborsClassifier

training accuracy = []

test accuracy = []
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# try n_neighbors from 1 to 10
neighbors settings = range(l, 11)
for n neighbors in neighbors settings:
# build the model
knn = KNeighborsClassifier (n _neighbors=n neighbors)
knn.fit (X train, y train)
# record training set accuracy
training accuracy.append (knn.score (X train, y train))
# record test set accuracy
test accuracy.append(knn.score (X test, y test))
plt.plot (neighbors settings, training accuracy, label="training
accuracy")
plt.plot (neighbors settings, test accuracy, label="test accuracy")
plt.ylabel ("Accuracy")
plt.xlabel ("n neighbors")
plt.legend()

100 1 — training accuracy
test accuracy

075 1

070 4

2 4 B 8 10
n_neighbors

Sl B s 52l Ol O Bk Al 55 83 A ys e GRS Les

Accuracy of K-NN classifier on training set: 0.79
Accuracy of K-NN classifier on test set: 0.78

JIyoJl6 v wino
from sklearn.tree import DecisionTreeClassifier
tree = DecisionTreeClassifier (random state=0)
tree.fit (X train, y train)
print ("Accuracy on training set: {:.3f}".format (tree.score(X train,
y_train)))
print ("Accuracy on test set: {:.3f}".format (tree.score (X test,
y_test)))

Accuracy on training set: 1.000
Accuracy on test set: 0.714

* Decision Tree Classifier ;1,a)l 5 s Cinas plidenl Copldl ds gozes 3B
L1 Lol (o S5 8,2l O e a5e Wi 280 Tl S LoVl e g 885 Loy 7100
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tree = DecisionTreeClassifier (max depth=3, random state=0)
tree.fit (X train, y train)

print ("Accuracy on training set: {:.3f}".format (tree.score(X train,
y_train)))

print ("Accuracy on test set: {:.3f}".format (tree.score(X test,

y test)))

Accuracy on training set: 0.773
Accuracy on test set: 0.740

8l glauii 8 6 jrodl duoal
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print ("Feature importances:\n{}".format(tree.feature_importances_))

Feature importances: [ ©.04554275 0.6830362 0. 0. 0. 0.27142106 0. 0. ]
(Sl 52 s 3l SN E e B 5 dnaal s L OV

def plot feature importances diabetes (model) :
plt.figure(figsize=(8,6))
n_features = 8
plt.barh(range (n_features), model.feature importances ,
align="'center')
plt.yticks(np.arange (n_features), diabetes features)
plt.xlabel ("Feature importance")
plt.ylabel ("Feature")
plt.ylim(-1, n_ features)
plot feature importances_diabetes (tree)

Age

DiabetesPedigreeFunction

Insulin

Feature

SkinThickness

BloodPressure

Glucose

Pregnancies

oo o1 02 03 04 s 06 o7
Feature importance
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from sklearn.neural network import MLPClassifier

mlp = MLPClassifier (random state=42)

mlp.fit (X train, y train)

print ("Accuracy on training set: {:.2f}".format (mlp.score (X train,
y_train)))

print ("Accuracy on test set: {:.2f}".format (mlp.score (X test,
y_test)))

Accuracy on training set: 0.71
Accuracy on test set: 0.67
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from sklearn.preprocessing import StandardScaler

scaler = StandardScaler ()

X train scaled = scaler.fit transform(X train)

X_test scaled = scaler.fit transform(X_ test)

mlp = MLPClassifier (random state=0)

mlp.fit (X train scaled, y train)

print ("Accuracy on training set: {:.3f}".format (
mlp.score (X train scaled, y train)))

print ("Accuracy on test set: {:.3f}".format (mlp.score(X test scaled,

y_test)))

Accuracy on training set: 0.823
Accuracy on test set: 0.802

2350 01351 L 6 3 oMalae i s Wl ks s 1 Sl e 35 Y1 L

mlp = MLPClassifier(max iter=1000, alpha=1, random state=0)

mlp.fit (X train scaled, y train)

print ("Accuracy on training set: {:.3f}".format (
mlp.score (X _train scaled, y train)))

print ("Accuracy on test set: {:.3f}".format (mlp.score (X test scaled,

y_test)))

Accuracy on training set: 0.795
Accuracy on test set: 0.792

ezl 0 U ST I Sl 85 53U e ool b ST i el cilS
By 3 ) G g OV ol iy 2 23V el Bl 25 500 5 OV o L) 25 50
S5l 2o 3301 ol n Lok 03 1 Al 3031 305V Bl 0135Y &l

.cubggl&g}Mg» HJéﬁ;»b

plt.figure (figsize=(20, 5))
plt.imshow (mlp.coefs [0], interpolation='none', cmap='viridis"')
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plt.yticks(range(8), diabetes features)
plt.xlabel ("Columns in weight matrix")
plt.ylabel ("Input feature")
plt.colorbar ()

Input feature

Pregnancies

Glucose

&bﬂvhes\mv
inThickness

"
DisbetesPedigreef unction

0 E) [ [
Columns in weight matrix
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import pandas as pd

housing = pd.read csv("housing.csv")
housing.head ()

O housing g.head()

C longitude latitude housing median_age total rooms total bedrooms population households median_income median_house value ocean_proximity
0 12223 37.88 410 880.0 120.0 3220 126.0 83252 452600.0 NEAR BAY
1 12222 37.88 210 7000.0 1106.0 2401.0 11380 83014 358500.0 NEAR BAY
2 12224 37.85 52,0 1467.0 190.0 496.0 177.0 72574 352100.0 NEAR BAY
3 12225 37.85 52,0 1274.0 2350 558.0 219.0 56431 341300.0 NEAR BAY
4 -122.25 37.85 52.0 1627.0 280.0 565.0 259.0 3.8462 342200.0 NEAR BAY

info() &b pasens OV Les DLl &e gore Jlom 10 Sy o oo IS Jro
fows JS' g 55 Ssinall Jlor Wl sdall ols s (SULY m o iy o J gaml) 50 io]l
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housing.info ()


https://raw.githubusercontent.com/ageron/handson-ml/master/datasets/housing/housing.csv
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Column Non-Null Count Dtype
longitude 20640 non-null floatsd
latitude 20640 non-null floate4d
housing median_age 20648 non-null floate4
total_rooms 2064@ non-null floats4
total bedrooms 20433 non-null floats4
population 20640 non-null floatsd
households 20640 non-null float64
median_income 20640 non-null float64
median_house_value 2064@ non-null floate4
ocean_proximity 2064@ non-null object

dtypes: float64(9), object(l)

memory usage:

1.6+ MB
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housing.ocean proximity.value counts ()

SR LSl oty (25 Lome ol (A UL 5 o ) By 5T 220 Sl

import matplotlib.pyplot as plt

housing.hist (bins=50, figsize=(10, 8))
plt.show ()
longitude latitude housing_median_age
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from sklearn.model selection import train test split
train set, test set = train test split(housing, test size=0.2,
random state=42)

JFAl o3 oline mens S ) Lol o) Sl s b 5 AL Useo
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import numpy as np

housing['income cat'] = pd.cut (housing['median_income'], bins=[0.,
1.5, 3.0, 4.5, 6., np.inf], labels=[1, 2, 3, 4, 51)
housing['income cat'].hist ()

plt.show ()
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:Scikit-Learn .+ StratifiedShuffleSplit
from sklearn.model selection import StratifiedShuffleSplit

split = StratifiedShuffleSplit(n_splits=1, test size=0.2,
random state=42)


https://thecleverprogrammer.com/2020/12/22/stratified-sampling-with-python/
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for train index, test index in split.split (housing,
housing["income cat"]):

strat train set = housing.loc[train index]
strat test set = housing.loc[test index]

print (strat test set['income cat'].value counts() /
len(strat test set))

[C I = )

1

©.350533
0.318798
0.176357
@.114583
9.839729

Name: income_cat, dtype: floated

1LedSs Jl bl ssbeny bliasl 2l Income  cat dow A1) J) darlow oY1 i

for set  in (strat_train set, strat test set):
set .drop('income cat', axis=1, inplace=True)
housing

SULI 5 Lies (Python plisely Jimedl jlanl 2l JY1 ool 23 505 o] L3 0

strat train set.copy ()

(o2l skl b Eoo e

housing.plot (kind="'scatter', x='longitude',K y='latitude', alpha=0.4,
s=housing['population']/100, label='population,'

figsize=(12,

8), c='median house value', cmap=plt.get cmap('jet'),

colorbar=True (

plt.legend()
plt.show()
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corr matrix = housing.corr ()
print (corr matrix.median house value.sort values (ascending=False))

median_house_value 1.000000
median_income 9.687160
total_rooms 9.135097
housing_median_age 9.114110
households @.064506
total_bedrooms 8.047689
population -0.926920
longitude -0.947432
latitude -0.142724

Name: median_house_value, dtype: floatéd

] Bl Al o o 1 1 o 03 0585 Lodie 1 5 =1 oy B3, W B 51 5
o Mgd 0 e B3 058G Laie B3l Blia o s 1 —1 0 i 3 0555 Loie
o Loyl ar g Y &

pandas Al el s Sledl o DLV e Gaoel) G Al s
(s A edy don S blan W)iwdfﬂj ! escatter matrix()

i

median_house_value

&

median_income
w B

B

g

total_rooms
age 5 g
. 8

&

2

housing_median

=

=

El A g
median_income g housing_median_age

median_house_value

BLA| G b e s 5154 correlation matrix bLs, Y1 & yieae e s A6 Lyes oY1
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housing["rooms per household"] =

housing["total rooms"]/housing["households"]
housing["bedrooms per room"] =

housing["total bedrooms"]/housing["total rooms"]
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housing["population per household"] =
housing["population"] /housing["households"]

corr matrix = housing.corr ()
print (corr matrix["median house value"].sort values (ascending=False))

median_house_value 1.8088000
median_income 9.687160
rooms_per_household 9.146285
total_rooms 9.135097
housing_median_age 9.114110
househeolds 9.064506
total_bedrooms 9.047689
population_per_household 9.021985
population -9.0826920
longitude 9.047432
latitude -9.142724
bedrooms_per_room -9.259984

Name: median_house_value, dtype: floaté4d
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from sklearn.linear model import LinearRegression
lin reg = LinearRegression()
lin reg.fit (housing prepared, housing labels)

data = housing.iloc[5:]
labels = housing labels.iloc[5:]
data preparation = full pipeline.transform(data)

print ("Predictions: ", lin reg.predict(data preparation))

Predictions: [210644.60459286 317768.80697211 210956.43331178 59218.98886849
189747 .55849879]
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import pandas as pd

import numpy as np

from sklearn.feature extraction.text import CountVectorizer
from sklearn.model selection import train test split

from sklearn.naive bayes import MultinomialNB

data = pd.read csv("news.csv")
print (data.head())


https://www.kaggle.com/hassanamin/textdb3/download
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Unnamed: @ ... label
-] 8476 ... FAKE
al 10294 ... FAKE
2 3688 ... REAL
3 10142 ... FAKE
4 875 ... REAL

O 1 (33 gddn (,.:.3;51.9&5)295 Y J‘JS Y Ll MJ ‘:;— EmfoM <LL ie gozuo
T k) Lezrlos 858 title column O gl 3 50 pliens Les L§T Ll
lend g Al o)) Lol e Tabel column Lewdl 3500 5 JYI ol

np.array(data["title"])
np.array (data["label"])

x
Yy

cv = CountVectorizer ()
x = cv.fit transform(x)

pdscle G5 dny Olasly copl Ologazs JI SULI degorme Juais 01 Les
1y jadl LY BLEST 3 500 o) Multinomial Naive Bayes 4.3,/ >

xtrain, xtest, ytrain, ytest = train test split(x, y, test size=0.2,

random_ state=42)

model = MultinomialNB ()

model.fit (xtrain, ytrain)
print (model.score (xtest, ytest))

©.8874191802367798
5 1 015 ez Vol p3le (el L al SLasY b sadl M 5230 Gses 0V
Y ¢T w,b—‘}ﬂ of s Lrdyes O13] Lo 5 ,20) google ;L REYETe

news_headline = "CA Exams 2021: Supreme Court asks ICAI to extend opt-
out option for July exams, final order tomorrow"

data = cv.transform([news_headline]) .toarray ()

print (model.predict (data))

["REAL"]
Ly LV 0 Loy 2350t OIST3] Le 5 jmad Jlse sa SL3 0l S5 oY1 p L
:Y €T

news_headline = "Cow dung can cure Corona Virus"
data = cv.transform([news_headline]) .toarray ()
print (model.predict (data))

['FAKE']
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Cancer Detection using Machine Learning

o)l iAo al

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

import seaborn as sns

from sklearn.preprocessing import MinMaxScaler

from sklearn.model selection import train test split
from tensorflow.keras.models import Sequential

from tensorflow.keras.layers import Dense

from sklearn.metrics import accuracy score

Cancer = pd.read csv('https://cainvas-
static.s3.amazonaws.com/media/user data/cainvas-
admin/Prostate Cancer Data- CSV.csv')

Cancer.info ()

<class 'pandas.core.frame.DataFrame'>
RangeIndex: 100 entries, © to 99
Data columns (total 1@ columns):

#  Column Non-Null Count Dtype
@ id 100 non-null inte4
1 diagnosis_result 160 non-null object
2 radius 100 non-null inted
3 texture 100 non-null int64
4 perimeter 100 non-null inted
5 area 100 non-null inte4
6 smoothness 160 non-null float64
7 compactness 109 non-null float64
8 symmetry 100 non-null floatb4

9  fractal_dimension 10® non-null float64
dtypes: floaté4(4), int64(5), object(l)
memory usage: 7.9+ KB

Cancer.head (10)

id diagnosis result radius texture perimeter area smoothness compactness symmetry fractal dimension

0o 1 M 23 12 151 954 0.143 0278 0.242 0.079
1 2 B 9 13 133 1326 0.143 0.079 0.181 0.057
2 3 M 21 27 130 1203 0.125 0.160 0.207 0.060
3 4 M 14 16 78 386 0.070 0.284 0.260 0.097
4 5 M 9 19 135 1297 0.141 0.133 0.181 0.059
5 6 B 25 25 83 477 0.128 0170 0.209 0.076
6 7 M 16 26 120 1040 0.095 0.109 0.179 0.057
7 8 M 15 18 90 578 0.119 0.165 0.220 0.075
8 9 M 19 24 88 520 0.127 0.193 0.235 0.074
9 10 M 25 11 84 476 0.119 0.240 0.203 0.082
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Cancer.tail ()

id diagnosis_result radius texture perimeter area smoothness compactness symmetry fractal_dimension

95 96 M 23 16 132 1264 0.091 0.131 0.210 0.056
9% 97 B 22 14 78 451 0.105 0.071 0.190 0.066
97 98 B 19 27 62 295 0.102 0.053 0.135 0.069
98 99 B 21 24 74 413 0.090 0.075 0.162 0.066
99 100 M 16 27 94 643 0.098 0.114 0.188 0.064

Cancer.describe ()

id radius texture perimeter area smoothness compactness symmetry fractal dimension

count 100.000000 100.000000 100.000000 100.000000  100.000000  100.000000 100.000000 100.000000 100.000000
mean 50.500000 16.850000 18230000 96.780000 702.880000 0.102730 0.126700 0.193170 0.064690
std  29.011492 4.879094 5192954  23.676089  319.710895 0.014642 0.061144 0.030785 0.008151
min 1.000000 9.000000  11.000000  52.000000  202.000000 0.070000 0.038000 0.135000 0.053000
25% 25.750000 12.000000 14.000000 82.500000 476.750000 0.093500 0.080500 0.172000 0.059000
50% 50.500000 17.000000  17.500000 94.000000  644.000000 0.102000 0.118500 0.190000 0.063000
75%  75.250000 21.000000 22.250000 114.250000 917.000000 0.112000 0.157000 0.209000 0.069000
max 100.000000 25.000000 27.000000 172.000000 1878.000000 0.143000 0.345000 0.304000 0.097000

Cancer.columns
Index(['id"', 'diagnosis_result', 'radius', 'texture', 'perimeter', ‘area’,
'smoothness', ‘compactness', 'symmetry', 'fractal dimension'],
dtype="object")
I3 Lans ooed M sas VI OB ey s ¥ ol @

# We don't care id of the columns. So, we drop that!
Cancer.drop(['id'],axis=1,inplace=True)

Cancer.head ()

diagnosis_result radius texture perimeter area smoothness compactness symmetry fractal_dimension

0 M 23 12 151 954 0.143 0.278 0.242 0.079
1 B 9 13 133 1326 0.143 0.079 0.181 0.057
2 M 21 27 130 1203 0.125 0.160 0.207 0.060
3 M 14 16 78 386 0.070 0.284 0.260 0.097
4 M 9 19 135 1297 0.141 0.133 0.181 0.059

duslirA il bl Juaj
ozl DB s LY L £l Lol 215 50all 52 Diagnosis result o
.J}u.!\\_h e
S oPS e e Lle o« S L Citaad] o e dovonall slaeNI a0
Y Gt dde

Cancer.diagnosis_result = [1 if each == 'M' else 0 for each in
Cancer.diagnosis_result]
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# Let's check it.
Cancer.diagnosis result.value counts()

1 62
2] 38
Name: diagnosis result, dtype: inte4

plt.figure (figsize=(10,8))
plt.bar(list(Cancer['diagnosis_result'].value counts() .index),
Cancer|['diagnosis result'].value counts(), color = ['b','r'])
plt.title('Diagnosis Result')

plt.show ()
print (Cancer['diagnosis result'].value counts())

1 62
2] 38

Diagnosis Result

Name: diagnosis_result, dtype: inte4

Juiallg wyjall wbly decgono
LYooyl de pazes SULy @y 5 X od G Lile ey

y = Cancer.diagnosis_result.values

x_data = Cancer.drop(['diagnosis_result'],axis=1)
s I il

Yy
array([1, ®, 1, 1, 1, 8, 1, 1, 1, 1, 1, 1, 0, 1, 1, 1, 1, 1, 1, @, @, 0,

1, 1, 1,1, 1,1,1,1,1,1,1,1,1,1,1,%8,1,1, 1, 1, 1, 1,

1, 1,0, 1,0,90,0,00,1,1,0,1,1,0,0,0801,9 1,1,

0,0,0,0,1,90,1,1,0,1,0,1,1,0 001, 1,90, 1, 1, 1,

0,0, 0,1,0,0,1,1, 6,80, 0,1])
x_data.head()

radius texture perimeter area smoothness compactness ry fractal_di

(V] 23 12 151 954 0.143 0.278 0.242 0.079
1 9 13 133 1326 0.143 0.079 0.181 0.057
2 21 27 130 1203 0.125 0.160 0.207 0.060
3 14 16 78 386 0.070 0.284 0.260 0.097
4 9 19 135 1297 0.141 0.133 0.181 0.059



dlioll g e < JDI ple il 114

bl auguuti
150 0 Llids =5l 20 SUL 03 maz Ja Normalization & sl son
from sklearn.preprocessing import MinMaxScaler

scaler = MinMaxScaler (feature range=(0,1))
x = scaler.fit transform(x data)

array([[0.875 , 0.0625 , ©.825 , 0.44868735, 1. ,
©.78175896, 0.63313609, 0.59090909],
[0. , 0.125 , B.675 , 0.67064439, 1. ,
©.13355049, 0.27218935, 0.09090909],
[0.75 , 1. , ©.65 , ©.59725537, 0.75342466,
©.39739414, 0.4260355 , ©.15909091],
[0.3125 , ©.3125 , ©.21666667, ©.1097852 , 0. ,
0.80130293, 0.73964497, 1 1,
[0. , 0.5 , B.69166667, ©.65334129, 0.97260274,
0.30944625, 0.27218935, 0.13636364],
[1. , 0.875 , ©.25833333, 0.16408115, 0.79452055,
0.42996743, 0.43786982, ©.52272727],
[0.4375 , ©.9375 , ©.56666667, 0.5 , 0.34246575,
©.23127036, 0.26035503, 0.09090909],
[0.375 , 0.4375 , B.31666667, 0.22434368, 0.67123288,
0.41368078, 0.50295858, 0.5 1,
[0.625 , 0.8125 , 0.3 , 0.18973747, 0.78082192,
0.50488599, 0.59171598, ©.47727273],
[1. , 0. , B.26666667, 0.16348449, 0.67123288,
0.65798046, 0.40236686, 0.65909091],
[0.9375 , 0.625 , ©.425 , ©.35560859, 0.16438356,
0.09446254, 0.10650888, 0.09090909],
[0.5 , 0.25 , ©.43333333, 0.34546539, 0.36986301,
A.29641694, ©#.28994A83, A.1818181817,

Goutd il Wbl dcgono JLualg cayyai

from sklearn.model selection import train test split

X train, x test, y train, y test =

train test split(x,y,test size=0.2,random state=42)

#%40 data will assign as 'Test Datas'

method names=[] # In Conclusion part, I'll try to show you which
method gave the best result.

method scores=[]

.LgJeJ\vfﬁ\g;psjﬁasyd

x_train
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array([[@.5625 , ©.125 , 9.175 , ©.123508835, 0.34246575,
©.05537459, ©.33727811, 0.13636364],
[0.125 , 0. , ©.23333333, 0.1575179 , ©.24657534,
9.18241042, ©.34319527, 0.25 1,
[0.0625 , ©.8125 , ©.375 , ©.26431981, 0.47945205,
©.48534202, ©.53254438, 0.36363636],
[0.125 , 0. , ©.63333333, 0.53818616, ©.28767123,
@.58957655, ©.56804734, ©.22727273],
[0.5 , 0.625 , 0.24166667, 0.17959427, ©.38356164,
0.04560261, 0.14201183, 0.09090909],
[0.8125 , 0.5 , ©.375 , ©.27267303, 0.60273973,
©.39739414, 0.56213018, 0.40909091],
[@.9375 , ©.3125 , ©.28333333, 0.21539379, ©.16438356,
0.07166124, 0.25443787, 0.06818182],
[0.8125 , ©.1875 , ©.21666667, ©.14856802, ©.47945205,
9.10749186, ©.32544379, ©.29545455],
[1. , 9. , ©.26666667, ©.16348449, ©.67123288,
0.65798046, 0.40236686, ©.65909091],
[@.75 , 9.0625 , ©.51666667, ©.43377088, ©.50684932,
09.4723127 , ©.34319527, 0.27272727],
[0.5 , ©.25 , ©.43333333, 0.34546539, 0.36986301,
0A_20RATAR0A. 0.224004AMT. A 121219191 _
ANN laaiwl gagol
model = Sequential ()
model.add (Dense (32,activation = 'relu',input dim = x train.shape([1]))
model.add (Dense (64, activation = 'relu'))
model.add (Dense (1l,activation = 'sigmoid'))
model.summary ()
Model: "sequential_1"
Layer (type) Output Shape Param #
dense_3 (Dense) (None, 32) 288
dense_4 (Dense) (None, 64) 2112
dense_5 (Dense) (None, 1) 65

Total params: 2,465
Trainable params: 2,465
Non-trainable params: @

model.compile (optimizer
metrics=["'accuracy'])
history model.fit (x train,

'adam',

y_train,

epochs

validation data=(x_test,y test))

loss='binary crossentropy',

120,
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Epoch 114/120

3/3 [ ] - @s 1@ms/step - loss: 8.2234 - accuracy: ©.9258 - val_loss: ©.5366 - val_accuracy: 0.8508
Epoch 115/12@
3/3 [============================== ] - @s 1lms/step - loss: ©.2227 - accuracy: ©.9250 - val loss: ©.5393 - val _accuracy: @.8500
Epoch 116/128
3/3 [=========================z==== ] - @s 45ms/step - loss: ©.2210 - accuracy: ©.9250 - val loss: ©.5431 - val_accuracy: @.8500
Epoch 117/120
3/3 [========z==z======z==zz==z==== ] - @5 67ms/step - loss: ©.2187 - accuracy: ©.9375 - val_loss: ©.5509 - val_accuracy: ©.8000
Epoch 118/120@
373 [ ] - @s 41ms/step - loss: ©.2233 - accuracy: ©.9125 - val_loss: 8.5656 - val_accuracy: @.8000
Epoch 119/128
3/3 [== ] - @s 35ms/step - loss: ©.2214 - accuracy: ©.9000 - val loss: ©.5635 - val _accuracy: ©.8000
Epoch 128/120
3/3 [==s==s=ssssssssssssssssssss=Es ] - @s 42ms/step - loss: @.2222 - accuracy: ©.9125 - val_loss: ©.5548 - val_accuracy: ©.8000

method names.append ("ANN")
method scores.append(0.851)

trainX = np.reshape(x _train, (x train.shape([0], x train.shape[l],1))
testX = np.reshape (x_test, (x_test.shape[0],x test.shape([l],1))

# Print and check shapes

print ("Shape of trainX is {}".format (trainX.shape))

print ("Shape of testX is {}".format (testX.shape))

Shape of trainX is (80, 8, 1)
Shape of testX is (20, g, 1)

lnalg d8al il fouw I

plt.figure(figsize=(10,8))

#plt.plot (history.history[''])

plt.plot (history.history['val accuracy'],color="orange')
plt.title('model accuracy')

plt.ylabel ('accuracy')

plt.xlabel ('epoch')

plt.show()

model accuracy

0900

0875

0.850

0825

0.800

accuracy

0775

0750

0725

0.700

epoch

plt.figure(figsize=(10,8))

plt.plot (history.history['loss'])
plt.plot (history.history['val loss'])
plt.title('model loss')

plt.ylabel ('loss"')

plt.xlabel ('epoch')

plt.show ()
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model loss

loss

[ E) 0 &0 & 100 120
epoch

y_pred = model.predict classes (x_test)
y_pred
array([[1],

11

(11,

(11,

1,

(11,

11,

[1]], dtype=int32)

y_test.shape
(20,)

y_pred = np.squeeze (y pred)
y_pred.shape

(20,)
print ('Test Accuracy : ',accuracy_ score(y test, y pred))
Test Accuracy : 0.9

@390l hon

model.save ('prostatecancer.hb')
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Predicting Cardiovascular Disease Using Machine Learning
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Feature Description

age days || Factual Information | age in days | int (days)

age year | Factual Information | age in years | int (days)

Categorical Data | height | Factual Information | height | int (¢cm) |

weight | Factual Information | weight | float (kg) |

ap hi | Systolic blood pressure | Examination Feature |
int |

ap lo |Diastolic blood pressure | Examination Featur |
int |

gender | Factual Information |2:male, 1:female|

cholesterol | Cholesterol | Examination Feature | cholesterol |
1: normal, 2: above normal, 3: well above

normal |

gluc Glucose | Examination Feature | gluc | 1:
normal, 2: above normal, 3: well above normal |

Numerical Data | smoke Smoking |Subjective Feature | smoke | binary |

alco Alcohol intake | Subjective Feature | alco |
binary |

active physical activity | Subjective Feature | active |
binary |

cardio Presence or absence of cardiovascular disease |
Target Variable | cardio | binary |

id | Factual Information |

Ej .”.".."
GbiAo al il
UL s sl Jlo Olaoel) Epllall LSl o 3l o5 (il 35kS
S el e SUL 3 500 Ll s
import pandas as pd
pd.options.mode.chained assignment = None
import matplotlib.pyplot as pt

from matplotlib import rcParams
import seaborn as sns
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from sklearn.neighbors import KNeighborsClassifier

from sklearn.metrics import classification report,confusion matrix
from sklearn.model selection import cross val score

import sklearn.metrics as met

from sklearn.model selection import train test split

from sklearn.preprocessing import StandardScaler

bl dcgono al piaul
Sl oY CSV koS ol e 5315 Al 51,0y 23 51 e e gomen 31l o3
UL A gozes oo Ll ool Vi3 od Laiieodl BrodSU Gy . UL I ol e
i ol UL de gazes ol ol

data=pd.read csv('data.csv') .drop(["id"],axis=1)
logleol (Jproll Ayl
.%JwJJ\%g[;Yb %AUU\Lrbbﬁij;Lﬁvd\c’tjj‘Oﬁ;GBLJ‘xULl&Sufjdu J;LJ dj?ifj

rcParams|['figure.figsize'] = 15, 5

data['years'] = (data['age year']) .round().astype('int')
sns.countplot (x="'years', hue='cardio', data = data,
palette=["#008000", "#FF6347"1]);

Joow Loty gy pondl ool gl Joy Uy Ualases oo 1 3,250 0 i
PGS oY1 01 oy ol JSCA Greadn 32 LS bVl s (gsliall s gl
Y il ol a1 ol e Lo & gaadl i 3315 i)l 518l o sl )

(2l e e 05l

0 P O 4 £ 43 M 45 % 47 448 9 0 S 2 53 4 5 %6 5 B PV 0 61 @ 6 M S
years

ASTGLe 605 56 (o otsbosl sl 75 ol ot ol lamSle Sy ¢ L oo ) G
o2l Lo

bl o 83N il e & gl) UL ) ) e Jebosd el 2 o5 (23 e 5500e

df double = pd.melt(data, id vars=['cardio'],

value vars=['cholesterol', 'gluc', 'smoke', 'alco', 'active'])
sns.catplot (x="variable", hue="value", col="cardio",data=df double,
kind="count") ;



DI pdcl polaAiwly dygoall ducglig Lall yalyob Guiill 122

cardio = 0 cardio = 1
30000
25000
20000 value
¥ - 0
g -
15000 - 2
-3
10000
5000
cholesterol  gluc smoke alco active cholesterol  gluc amoke aco active
variable wariable

o B UL s IV el el ey oodlel S8 e g2 LS
255 S a2l ol o Loty & goll s 5N15 ) 0o bzl olie Y
el rodl SL8 ol gl b 5all e 0l Y ol o sV oy & i) SUL)
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pd oo el Sl
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data["bmi"] = data["weight"] / (datal["height"]/100)**2
bl S8 3L LS L5l Ol mall i sazs 0555 (3 5medl ko s

count mean std min 25% 50% 75% max

age_days 70000.0 19468.865814 2467.251667 10798.000000 17664.000000 18703.000000 21327.000000 23713.000000
age_year 70000.0 53.339358 6.759594 29.583562 48.394521 53.980822 58.430137 64.967123
gender 70000.0 1.349571 0.476838 1.000000 1.000000 1.000000 2.000000 2.000000
height 70000.0 164.359229 8210126 55.000000 159.000000 165.000000 170.000000 250.000000
weight 70000.0 74.205690 14.395757 10.000000 65.000000 72.000000 82.000000 200.000000
ap_hi 70000.0 128.817286  154.011419  -150.000000 120.000000 120.000000 140.000000 16020.000000
ap_lo 70000.0 96.630414  188.472530 -70.000000 80.000000 80.000000 90.000000 11000.000000

cholesterol 70000.0 1.366871 0.680250 1.000000 1.000000 1.000000 2.000000 3.000000
gluc  70000.0 1.226457 0.572270 1.000000 1.000000 1.000000 1.000000 3.000000
smoke 70000.0 0.088129 0.283484 0.000000 0.000000 0.000000 0.000000 1.000000
alco 70000.0 0.053771 0.225568 0.000000 0.000000 0.000000 0.000000 1.000000

active 70000.0 0.803729 0.397178 0.000000 1.000000 1.000000 1.000000 1.000000
cardio 70000.0 0.499700 0.500003 0.000000 0.000000 0.000000 1.000000 1.000000

bmi 70000.0 27.556513 6.091511 3.471784 23.875115 26.374088 30222222 298.666667

years 70000.0 53.338686 6.765294 30.000000 48.000000 54.000000 58.000000 65.000000
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data.isnull () .values.any ()

out[14]: False

ULl @Al
st el b sl aalddl Bl ye it (5 (S ULy A sazes | Jo sl T e
Aol o (Gludl SIS 3 5 S data cleansing UL <das 5,k e Lellls Led
S pi5e ) BV doally oS 200 0550 a3V el o 250 L35 Yl
L]l e Zasde e o L s 298 sa 054015 skl e el b el
DLl e sares andy bl I b SULN D] cen (U Gand) Lpdny i lins
S sl e outliers & ool o 0 ) 5,1 e
data.drop(datal (data['height'] > datal['height'].quantile (0.975)) |
(data['height'] < data['height'].quantile(0.025))].index,inplace=True)

data.drop(data[ (data['weight'] > datal'weight'].quantile (0.975)) |
(data['weight'] < data['weight'].quantile(0.025))].index,inplace=True)

BN el L (ap lo) (blad¥l pull Laas 5slay O e ¥ &3 e 50k
LV Laally (il oLl A avlay Jais il 5o 5LVl ka2l oY (ap i)
LB Pl Lk oy g3aall G0 0 LS o oladdl iy ol ekl e 4a
Al I3 e Al £ 15 0585 O ey Vg pll Jannas g pmedl (Lol ol e
b el oas ULy (e Galbell Lllsl el ap o sap hi e & knall Giliselloda 3

Al
data.drop(data[(data['ap_hi'] > data['ap_hi'].quantile(0.975)) |
(data['ap_hi'] < data['ap_hi'].quantile(0.025))].index,inplace=True)
data.drop(data[ (data['ap_lo'] > data['ap lo'].quantile(0.975)) |
(data['ap_lo'] < data['ap_lo'].quantile(0.025))].index,inplace=True)

M%&;w@ﬁwubghwéjsoit&%GQBL:.,HJ.:E;JW@
33505 Jglall sVl asells 53V doull 023 & 35 5 (Ll e pazen e 63866 55l
P JSal dlSTap lo s ap his
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count mean std min 25% 50% 75% max

age_days 63866.0 19472641171 2461.983315 10798.000000 17679.250000 19705.000000 21323.000000 23713.000000
age_year ©63866.0 53.349702 6.745160 29.583562 48.436301 53.986301 58.419178 64.967123
gender 63866.0 1.347806 0.476278 1.000000 1.000000 1.000000 2.000000 2.000000
height 63866.0 164.497855 6.862322 150.000000 160.000000 165.000000 169.000000 180.000000
weight 63866.0 73.543564 11.720806 52.000000 65.000000 72.000000 81.000000 106.000000
ap_hi 63866.0 128.815442  160.987785  -150.000000 120.000000 120.000000 140.000000 18020.000000
ap_lo ©3866.0 95953308 186.287388 -70.000000 80.000000 80.000000 90.000000 11000.000000

cholesterol $3866.0 1.358049 0.674782 1.000000 1.000000 1.000000 1.000000 3.000000
gluc 63866.0 1.222654 0.568902 1.000000 1.000000 1.000000 1.000000 3.000000
smoke 63866.0 0.086353 0.280886 0.000000 0.000000 0.000000 0.000000 1.000000
alco 63866.0 0.052876 0.223788 0.000000 0.000000 0.000000 0.000000 1.000000

active 63866.0 0.803683 0.397214 0.000000 1.000000 1.000000 1.000000 1.000000
cardio §3866.0 0.498199 0.500001 0.000000 0.000000 0.000000 1.000000 1.000000

bmi 63866.0 27.232986 4.446555 16.049383 23.875433 26.298488 29.823253 46.666667
years 63866.0 53.349450 6.750712 30.000000 48.000000 54.000000 58.000000 65.000000

bl aangi
Ly oo gy UL Bl Sy Sy Uy Lo SULII 0F (0 2SI T 1
Gk L3 ) UL e data standardization <ULl w55 dles ol ) o5 !
standardScaler = StandardScaler ()
scale columns = ['age year', 'height', 'weight', 'ap hi',
'ap lo', 'bmi']

data[scale_columns] =
standardScaler.fit transform(data[scale_columns])

UL 6.cg.000 OULLLd)
) e 399 DLl oD 62 05

L 5 o I doezdl T Sl S Les Vo lendl o
Ol gl ola! pliws ol e

Y = data['cardio']
X = data.drop(['cardio'], axis = 1)

353 BoeDa) el UL (o e 2y ) L By @

35 a0 deddcewed! UL fre lie Ao goses 1LY SULS Ao gos .
= S = SOl = e
Sl el e

x_training, x testing, y training, y testing = train test split(X, Y,
test size = 0.33, random state = 0)
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knn = KNeighborsClassifier (n neighbors=1)
knn.fit (x training,y training)

(FE ol e 5l oLl LSe35
prediction = knn.predict(x_testing)
B,V pan plael (5 ciiaatll 5 gad elsl J g agdl] 0 e o Jpamell Jl 0
e sl @Hyﬁus
conmat=confusion matrix(y_testing,prediction)
sns.heatmap (conmat.T, square=True, annot=True, fmt='d', cbar=False)

pt.xlabel ('true class')
pt.ylabel ('predicted class')

predicted class

true class

5 559.60.54 By 8 JSall a8 fradl Cieatll 85 Jaxis SV B yhas o
Kiad ol Lol J) elow (UK = 10 52200 Lia ol 2]

precision recall fl-score  support

2 8.61 2.64 9.63 1022%

1 2.60 0.57 0.58 2618

accuracy 9.61 19847
macro avg .60 2.62 0.60 19847
weighted avg 2.61 0.61 0.60 19847

Accuracy score given for test data: 60.543155136796486
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accuracy rate = []
for i in range(1,40):

knn = KNeighborsClassifier (n neighbors=i)
score=cross_val score(knn,X,datal['cardio'],cv=10)
accuracy rate.append(score.mean/())

pt.figure (figsize=(10,6)
pt.plot(range(1l,40),accuracy rate,color='green', linestyle='dashed',
marker='o"',

markerfacecolor="'blue', markersize=10)
pt.title ('Accuracy Rate vs. K Value')
pt.xlabel ('K'")
pt.ylabel ('Accuracy Rate')

Accuracy Rate vs. K Value
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error rate = []

for i in range(1,40):
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knn = KNeighborsClassifier (n neighbors=i)

score=cross_val score(knn,X,datal['cardio'],cv=10)
error rate.append(l-score.mean())

pt.figure (figsize=(10,6))
pt.plot(range(1l,40),error rate,color='green', linestyle='dashed',
marker='o"',

markerfacecolor="blue',
pt.title('Error Rate vs.
pt.xlabel ('K Value')
pt.ylabel ('Error Rate')

markersize=10)
K Value')

Error Rate vs. K Value

Error Rate

K Value

033 Lo I IWT Laises )y B Jows 313 o K> 5 o il dla>s - Ses 9 ISl G

Wl i Vs ey K> 5 iy 10 JS2l Glasddl Jams 06 ¢ Jrallys K> 5 oo 2ol

K> 5 & Loms ot 558

Skl day K s Ll Elas ey D 5 God 2 K= 501 50 of ksley 2l

5 obed o s K oy o505l i3 (6 3T 5 0 Loy (K dad Juil
KNeighborsClassifier (n_neighbors=5)

knn.fit (x training,y training)
prediction knn.predict (x_testing)

BN b 5345 65 of Lesley U gy 11 ISl G b WS K = 53 cipatll 5

Laf B i woly WK = 1 e slednally

knn =

precision recall f1-score

support
(5] @.63 .71 .67 le22¢9

1 2.84 2.56 0.6@ 9618

accuracy 0.64 19847
macro avg .64 9.63 0.63 19847
weighted avg .64 2.64 0.63 19847

Accuracy score given for test data: 63.71743840378898
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https://github.com/tharuka-amaraweera/Cardiovascular

129 Ul Leill plaaiwl giahgoll yasli 68g)

Employee JII pplcil pladilwl grohgoll yndlii &8gi (16
Attrition Prediction using machine learning

B plasely eab el asley 52l Jom JYI ol g0 U ptile (Ulidl ods b
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import numpy as np # linear algebra
import pandas as pd # data processing
import seaborn as sns

import matplotlib.pyplot as plt
$matplotlib inline

# Import statements required for Plotly
import plotly.offline as py

py.init notebook mode (connected=True)
import plotly.graph objs as go

import plotly.tools as tls


https://www.kaggle.com/pavansubhasht/ibm-hr-analytics-attrition-dataset/download
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from sklearn.ensemble import RandomForestClassifier,
GradientBoostingClassifier

from sklearn.linear model import LogisticRegression
from sklearn.metrics import (accuracy_ score, log loss,
classification report)

from imblearn.over sampling import SMOTE

import xgboost

odn UL e pore wgdd UL LS o) Sy (5,205 SULIN T Lies oY)

attrition = pd.read csv('Employee-Attrition.csv') )

5 155,55 e pnaned] o UL BLESE GV ol sl 5] 0585 L Bals

Jdseaborn 4% dkdeplot Jls VML” s pLall g b wliaall w5 448
:Python

f, axes = plt.subplots (3, 3, figsize=(10, 8),
sharex=False, sharey=False)

# Defining our colormap scheme
s = np.linspace (0, 3, 10)
cmap = sns.cubehelix palette(start=0.0, light=1, as_ cmap=True)

# Generate and plot

x = attrition['Age'].values

y = attrition['TotalWorkingYears'].values

sns.kdeplot (x, y, cmap=cmap, shade=True, cut=5, ax=axes[0,0])
axes[0,0].set( title = 'Age against Total working years')

cmap = sns.cubehelix palette(start=0.333333333333, light=1,
as_ cmap=True)

# Generate and plot

x = attrition['Age'].values

y = attrition['DailyRate'].values

sns.kdeplot (x, vy, cmap=cmap, shade=True, ax=axes[0,1])
axes[0,1].set( title = 'Age against Daily Rate')

cmap = sns.cubehelix palette(start=0.666666666667, light=1,
as_cmap=True)

# Generate and plot

x = attrition['YearsInCurrentRole'].values

y = attrition['Age'].values

sns.kdeplot (x, y, cmap=cmap, shade=True, ax=axes[0,2])
axes[0,2].set( title = 'Years in role against Age')

cmap = sns.cubehelix palette(start=1.0, light=1, as_ cmap=True)
# Generate and plot

x = attrition['DailyRate'].values

y = attrition['DistanceFromHome'].values

sns.kdeplot (x, y, cmap=cmap, shade=True, ax=axes[1l,0])
axes[1l,0].set( title = 'Daily Rate against DistancefromHome')

cmap = sns.cubehelix palette(start=1.333333333333, light=1,
as_cmap=True)

# Generate and plot

x = attrition['DailyRate'].values

y = attrition['JobSatisfaction'].values

sns.kdeplot (x, y, cmap=cmap, shade=True, ax=axes[l,1])
axes[l,1].set( title = 'Daily Rate against Job satisfaction')



cmap = sns.cubehelix palette(start=1.666666666667, light=1,
as_cmap=True)

# Generate and plot

x = attrition['YearsAtCompany'].values

y = attrition['JobSatisfaction'].values

sns.kdeplot (x, y, cmap=cmap, shade=True, ax=axes[1l,2])
axes[l,2].set( title = 'Daily Rate against distance')

cmap = sns.cubehelix palette(start=2.0, light=1, as cmap=True)
# Generate and plot

x = attrition['YearsAtCompany'].values

y = attrition['DailyRate'].values

sns.kdeplot (x, y, cmap=cmap, shade=True, ax=axes[2,0])
axes[2,0].set( title = 'Years at company against Daily Rate')

cmap = sns.cubehelix palette(start=2.333333333333, light=1,
as_cmap=True)

# Generate and plot

x = attrition['RelationshipSatisfaction'].values

y = attrition['YearsWithCurrManager'].values

sns.kdeplot (x, y, cmap=cmap, shade=True, ax=axes[2,1])
axes[2,1].set( title = 'Relationship Satisfaction vs years with
manager')

cmap = sns.cubehelix palette(start=2.666666666667, light=1,
as_cmap=True)

# Generate and plot

x = attrition['WorkLifeBalance'].values

y = attrition['JobSatisfaction'].values

sns.kdeplot (x, y, cmap=cmap, shade=True, ax=axes[2,2])
axes[2,2].set( title = 'WorklifeBalance against Satisfaction')

f.tight layout ()
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# Define a dictionary for the target mapping

target map = {'Yes':1l, 'No':0}

# Use the pandas apply method to numerically encode our attrition
target variable

attrition["Attrition numerical"] = attrition["Attrition"].apply (lambda
X: target map([x])

# creating a list of only numerical values
numerical = [u'Age', u'DailyRate', u'DistanceFromHome',
u'Education', u'EmployeeNumber',
u'EnvironmentSatisfaction',
u'HourlyRate', u'JobInvolvement', u'JobLevel',
u'JobSatisfaction',
u'MonthlyIncome', u'MonthlyRate', u'NumCompaniesWorked',
u'PercentSalaryHike', u'PerformanceRating',
u'RelationshipSatisfaction’,
u'StockOptionLevel', u'TotalWorkingYears',
u'TrainingTimesLastYear', u'WorkLifeBalance',
u'YearsAtCompany',
u'YearsInCurrentRole',
u'YearsSincelLastPromotion',u'YearsWithCurrManager']
data = [
go.Heatmap (
z= attrition[numerical].astype (float) .corr().values, #
Generating the Pearson correlation
x=attrition[numerical].columns.values,
y=attrition[numerical].columns.values,
colorscale='Viridis',
reversescale = False,
# text = True ,
opacity = 1.0

layout = go.Layout (
title='Pearson Correlation of numerical features',
xaxis = dict(ticks='"', nticks=36),
yaxis = dict(ticks='"' ),
width = 900, height = 700,

fig = go.Figure(data=data, layout=layout)
py.iplot (fig, filename='labelled-heatmap')
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Pearson Correlation of numerical features
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attrition = attrition.drop(['Attrition numerical'], axis=1)

# Empty list to store columns with categorical data

categorical = []
for col, value in attrition.iteritems():
if value.dtype == 'object':

categorical.append(col)

# Store the numerical columns in a list numerical
numerical = attrition.columns.difference(categorical)
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attrition cat = attrition[categoricall]

attrition cat = attrition cat.drop(['Attrition'], axis=1) # Dropping
the target column

attrition cat = pd.get dummies (attrition cat)

attrition cat.head(3)

attrition num = attrition[numerical]

attrition final = pd.concat([attrition num, attrition cat], axis=1)

o Al oda eugl . Bdgnad| el ‘L‘:‘-’lg” S JI Ctad ;f‘j‘ 8,1 6 slasel
Bad ) e 5 by JUILs & 6 ol s o (g o (U1 Attrition s ges Al y oo
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target map = {'Yes':1, 'No':0}

#Use the pandas apply method to numerically encode our attrition
target variable
target = attrition["Attrition"].apply(lambda x: target map[x])

woll plaATwl yrehgoll yasdlil dgl JUI edcil
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from sklearn.cross validation import train test split
from sklearn.cross validation import StratifiedShuffleSplit

# Split data into train and test sets as well as for validation and
testing
train, test, target train, target val =
train test split(attrition final,
target,
train_size=
0.80,

random_ state=0);
#train, test, target train, target val =
StratifiedShuffleSplit (attrition final, target, random state=0)

ol sy il ol By 5ndl dogod E31ptoall BN i 3 505 b 0 Lies

:Pythony JY!
oversampler=SMOTE (random_ state=0)
smote train, smote target = oversampler.fit sample(train,target train)
seed = 0 # We set our random seed to zero for reproducibility

# Random Forest parameters
rf params = {
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'n jobs': -1,

'n_estimators': 1000,
# 'warm_start': True,

'max_features': 0.3,

'max depth': 4,

'min_samples_leaf': 2,

'max_features' : 'sqrt',
'random_state' : seed,
'verbose': 0

}

rf = RandomForestClassifier (**rf params)

rf.fit (smote train, smote_ target)
rf predictions = rf.predict (test)

print ("Accuracy score:
rf predictions)))
print ("="*80)

print (classification report (target val,

Accuracy score: @.8537414965586394

{}".format (accuracy score (target val,

rf_predictions))

precision recall fl-score

-] @.9%0 9.93 .91

1, 8.57 .49 8.53

micro avg .85 8.85 .85
macre avg e.74 e.71 .72
weighted avg 8.85 8.85 0.85

support

245
45

294
294
294
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trace = go.Scatter(

y = rf.feature importances ,
x = attrition final.columns.values,

mode="'markers',
marker=dict (

sizemode = 'diameter',

sizeref = 1,
size = 13,

#size= rf.feature importances |,

#color = np.random.randn (500),
color = rf.feature importances ,
colorscale="'Portland',
showscale=True

) 4

#set color equal to a variable

text = attrition final.columns.values

)

data = [trace]
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layout= go.Layout (
autosize= True,
title= 'Random Forest Feature Importance',
hovermode= 'closest',
xaxis= dict(
ticklen= 5,
showgrid=False,
zeroline=False,
showline=False
)I
yaxis=dict (
title= 'Feature Importance’',
showgrid=False,
zeroline=False,
ticklen= 5,
gridwidth= 2
)I
showlegend= False
)
fig = go.Figure (data=data, layout=layout)
py.iplot(fig, filename="'scatter2010")

Random Forest Feature Importance
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Machine Learning
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import pandas as pd

from sklearn.model selection import train test split

from sklearn.linear model import LogisticRegression
from sklearn.metrics import accuracy score, confusion matrix

&92J1 ;8 Juin Ul @iii4 gigo)
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from google.colab import files
uploaded = files.upload()

df = pd.read csv('payment fraud.csv')
df.head ()

accountAgeDays numItems localTime paymentMethod paymentMethodAgeDays label

0 29 1 4745402 paypal 28.204861 0
1 725 1 4742303 storecredit 0.000000 0
2 845 1 4921318 creditcard 0.000000 0
3 503 1 4.886641 creditcard 0.000000 0
L 2000 1 5.040929 creditcard 0.000000 0

Dl sl Sl sazes ] SULI el Y

# Split dataset up into train and test sets
X _train, X test, y train, y test = train test split(


https://raw.githubusercontent.com/amankharwal/Website-data/master/payment_fraud.csv
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df.drop('label', axis=1), df['label'],
test size=0.33, random state=17)

Logistic s sUl 5lasaNl &)l 43~ <=.x>'amj O b ¢ S5 Ciinas Ao oldn O

G Y S I3] L bl Gl 5 sed )il g T e 305 oY (Reegression

i8I 5 g3 ey Aol 585 Les O La (n aodel SSacd ¢ SLAIN vl ons

SRR ST P -~ R PR SWESHL RO o WS S PER T I g (K
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clf = LogisticRegression().fit (X train, y train)

# Make predictions on test set

y _pred = clf.predict (X test)

from sklearn.metrics import accuracy score
print (accuracy score(y pred, y test))

1.0
o i 3 pe el Ll 3100 Ly B> o Lgd o 30 5T 2 Lo b
U MY a1 el BT 3100 Gy B3 Ly Lol JLesl

Juinl 8114 gig.o) rouud]
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# Compare test set predictions with ground truth labels
print (confusion matrix(y test, y pred))

[[12753 0]
[ 0 190]]

C?:=~9<J51:931AL*A 190 Je &é}iﬂ‘rstgbbkxj‘19}&?&0ggCJEAALKQJ\C?m?'¢meCIALiUJJ
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https://thecleverprogrammer.com/2020/07/20/binary-classification-model/
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Classification using Machine Learning
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#import required libraries

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

$matplotlib inline

import seaborn as sns

#import models from scikit learn module:

from sklearn.model selection import train test split

from sklearn import metrics

from sklearn.svm import SVC

#import Data

df cancer = pd.read csv('Breast cancer_data.csv')

df cancer.head()

#get some information about our Data-Set

df cancer.info()

df cancer.describe ()

#visualizing data

sns.pairplot (df cancer, hue = 'diagnosis')plt.figure(figsize=(7,7))
sns.heatmap (df cancer|['mean radius mean_ texture mean perimeter
mean_area mean_smoothness diagnosis'.split()].corr(),
annot=True) sns.scatterplot (x = 'mean texture', y = 'mean perimeter',
hue = 'diagnosis', data = df cancer)

mean_radius mean_texture mean_perimeter mean_area mean_smoothness diagnosis

0 17.99 10.38 122.80 1001.0 0.11840 Benign
1 20.57 17.77 132.90 1326.0 0.08474 Benign
2 19.69 21.25 130.00 1203.0 0.10960 Benign
3 11.42 20.38 77.58 386.1 0.14250 Benign
4 20.29 14.34 135.10 1297.0 0.10030 Benign

Breast_cancer_data


Data%20used:%20Kaggle-Breast%20Cancer%20Prediction%20Dataset
Data%20used:%20Kaggle-Breast%20Cancer%20Prediction%20Dataset
Data%20used:%20Kaggle-Breast%20Cancer%20Prediction%20Dataset
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<bound method DataFrame.info of mean_radius mean_texture ... mean_smoothness diagnosis
17.99 1@.38 ... @.1184@ Benign
1 28.57 17.77 ... @.88474 Benign
2 19.69 21.25 ... @.16e9%68 Benign
3 11.42 28.38 ... 8.14258 Benign
4 28.29 14.34 ... @.1003e Benign
564 21.56 22.39 ... @.111ee Benign
565 26.13 28.25 ... @.eq78e Benign
566 156.6@ 28.88 ... @.88455 Benign
567 20.68 29.33 ... @.1178@ Benign
568 7.76 24,54 ... @.85263 Malignant

[562 rows x & columns]>

wa‘i&jwd?g‘;b‘,w‘uaa;

mean_radius mean_texture mean_perimeter mean_area mean_smoothness

count  569.000000 569.000000 569.000000  569.000000 569.000000
mean 14.127292 19.289649 91.969033 654.889104 0.096360
std 3.524049 4301036 24.298981 351.914129 0.014064
min 6.9871000 9.710000 43.790000  143.500000 0.052630
25% 11.700000 16.170000 75170000  420.300000 0.086370
50% 13.370000 18.840000 86.240000  551.100000 0.095870
73% 15.780000 21.800000 104.100000  782.700000 0.105300
max 28.110000 39.280000 188.500000 2501.000000 0.163400
Data.describe( )

aagnosis
+ Benign
 Malignant

n n Y L 2 » @ s 100 150 200 0 1000 2000 3000 005 010 015
mean radius mean_texture. mean_perimeter mean_area mean_smoothess

Breast cancer data ;o olpdl e &2,
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mean_radius

-08

mean_texture

mean_perimeter

mean_area

mean_radius mean_texture  mean_perimeter ~ MEan_area  mean_smoothness

mean_smoothness

Sl o B3I

#visualizing features correlation
palette ={0 : 'orange', 1 : 'blue'}
edgecolor = 'grey'

fig = plt.figure(figsize=(12,12))
plt.subplot (221)

axl = sns.scatterplot(x = df cancer['mean radius'], y =
df cancer['mean texture'], hue = "diagnosis",

data = df cancer, palette =palette, edgecolor=edgecolor)
plt.title('mean radius vs mean texture')

plt.subplot (222)

ax2 = sns.scatterplot(x = df cancer['mean radius'], y =
df cancer|['mean perimeter'], hue = "diagnosis",

data = df cancer, palette =palette, edgecolor=edgecolor)
plt.title('mean radius vs mean perimeter')

plt.subplot (223)

ax3 = sns.scatterplot(x = df cancer['mean radius'], y =
df cancer['mean area'], hue = "diagnosis",

data = df cancer, palette =palette, edgecolor=edgecolor)
plt.title('mean radius vs mean area')

plt.subplot (224)

ax4 = sns.scatterplot(x = df cancer['mean radius'], y =
df cancer['mean smoothness'], hue = "diagnosis",

data = df cancer, palette =palette, edgecolor=edgecolor)
plt.title('mean radius vs mean smoothness')
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fig.suptitle ('Features Correlation', fontsize = 20)
plt.savefig('2"'")

plt.show ()
Features Correlation
mean_radius vs mean_texture mean_radius vs mean_perimeter
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#check how many values are missing (NaN)

here we do not have any missing values
df cancer.isnull () .sum()
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#handling categorical data
df cancer(['diagnosis'].unique ()

df cancer|['diagnosis'] =
df cancer['diagnosis'].map ({'benign':0, 'malignant':1})

df cancer.head()

mean_radius mean_texture mean_perimeter mean_area mean_smoothness diagnosis

0 17.99 10.38 122.80 1001.0 0.11840 0
1 20.57 17.77 132.90 1326.0 0.08474 0
2 19.69 21.25 130.00 1203.0 0.10960 0
3 11.42 20.38 77.58 386.1 0.14250 0
4 20.29 14.34 135.10 1297.0 0.10030 0

1Ly Lol UL s gazes 35 e (el 50

#visualizing diagnosis column >>> 'benign':0, 'malignant':1
sns.countplot (x="'diagnosis',data = df cancer)

plt.title('number of Benign 0 vs Malignan 1')#
correlation between features

df cancer.corr() ['diagnosis'] [:-1].sort values() .plot (kind ='bar"')
plt.title('Corr. between features and target')

number of Benign_0 vs Malignan_1 Corr. between features and target
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#define X variables and our target(y)
X df cancer.drop(['diagnosis'],axis=1) .values
y df cancer['diagnosis'].values

#split Train and Test

from sklearn.model selection import train test split

X train, X test, y train, y test = train test split(X, y, test size=0.25,
random state=101)

ULl daiol) cilaniel! o a &7 :4 6ghAll
sl L;Y\ e Sl ST o 841y Support Vector Machine (SVM) u
oSVl Cial plge oy S0 asliiinl (Ko okl G120

Maximum.
Vg /margin
] kT
Y
Y
~

v

leogs Vsl glos Al oaliaall e 0le 5 s

Jaddl o 55 asl o g (U1 B 6 gmal) SVM s SSVM ALy p Lo o
ol

OSaadl (o 01813] Thard and soft margins desllly dhall fulpgl a L o
Lode . (ol el Bl ol ys a3l SVM A (Ll UL fad
Clomll rolgll Cadss sa ad] o Lo IS5 (Ll Juadl ALB UL 085 Y
(el gl 2L Sl

el slasl e (3ol Soy SHyper-parameter C Uil waodf jale o
B a3l 36 L Al (C dedaall plasels ¢ b

oy g ) DL 035 wlas Y Lo et SR ledaall 3 Wl e o
U (6 smedl S5 r Lol dad i AT na e )



145 (M,JIJI rodcUl plaaiwl 511JI b o N

Lelasd (Llas fuaall A6 LbLs oSS o) 5] fKernel Trick i)l deus- a Lo o
sbal s dobs Jl a3l 2 SULI e 5 A1 "Kernel Trick” &2 b 5ok
el

o Lol 5531 JI s 400 Les oY

#Support Vector Classification model
from sklearn.svm import SVC
svc_model = SVC()
svc_model.fit (X train, y train)

23g0Jl oudi :5 6ghAll
from sklearn.metrics import classification report,
confusion matrixy predict = svc model.predict (X test)
cm = confusion matrix(y test, y predict)
sns.heatmap (cm, annot=True)

:¢ confusion matrix AL,V & phaae s glas Lech o3 Lo
Ly Aol eVl e pazes BTl 143 LA O @
o8l e el s 5 () Ol ey ool pde 135 (3800 55 e @
UV gl o las) Jaidl Sllas T o st 0l oy Sliliae 55 oS
Blas Lol e 6ol 14 a5 o) 0l s rglio] 85061501 88 o 00
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precision recall fi-score support

@ 0.9 0.7 9.84 55

.86 0.98 0.91 88

accuracy .89 143
macro avg 0.91 .86 .88 143
weighted avg 0.90 0.89 0.88 143

e 536 0 SVM 350 0 w1 Glia cony S Gl 3,5 s b 13Ls
B9 By 3o B oyl ] sV i
:KBJQJA
Alall oI5 Skl (e o 52 o Precision @
0 o ol ¢4l Recalls Precision iy 15l b sl & Fl-score o
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#normalized scaler - fité&transform on train, fit only on test
from sklearn.preprocessing import MinMaxScaler
n _scaler = MinMaxScaler ()

X _train scaled = n_scaler.fit transform(X train.astype (np.float))
X _test _scaled = n_scaler.transform(X_test.astype (np.float))

#Support Vector Classification model - apply on scaled data

from sklearn.svm import SVC

svc_model = SVC()

svc_model.fit (X train scaled, y train)

from sklearn.metrics import classification report, confusion matrix

y predict scaled = svc model.predict (X test scaled)

cm = confusion matrix(y test, y predict scaled)

sns.heatmap (cm, annot=True)

print (classification report(y test, y predict scaled))
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£ precision recall fl-score support

60 e 0.92 e.87 9.90 55

0 1 0.92 8.95 0.94 88

s accuracy 0.92 143

30 macro avg 0.9 0.91 0.92 143
weighted avg 0. 08.92 9.92 143

0 1
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#find best hyper parameters
from sklearn.model selection import GridSearchCV

param grid = {'C':[0.1,1,10,100,1000], 'gamma':[1,0.1,0.01,0.001,0.001],
'kernel':['rbf']}

grid = GridSearchCV (SVC(),param grid, verbose = 4)
grid.fit (X train scaled,y train)

grid.best params
grid.best estimator

grid predictions = grid.predict (X test scaled)
cmG = confusion matrix(y test,grid predictions)

sns.heatmap (cmG, annot=True)

print (classification report (y test,grid predictions))

grid.best_params_

{'C": 10@8, 'gamma’': 8.1, 'kernel’': "rbf'}

grid.best_estimator_

SVC(C=10@8, break_ties=False, cache_size=280, class_weight=None, coef8=8.8,
decision_function_shape="ovr', degree=3, gamma=8.1, kernel="rbf’,
max_iter=-1, probability=False, random_state=None, shrinking=True,
tol=0.881, verhose=False)
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Bitcoin Price JUI plcll plaaiwl (ygalull jlewl g8g7 (19
Prediction using Machine Learning

ST plaenly Laslall 391 LS sl pmes 3 55 b g b UL e 6500 B
QM) JYI ] 23 5020 SVM el gl

EJW\M@J L@.>-L>UL;J| OLL de pames L}.,,.:dl&u
rolesd Il sl \J..J

import numpy as np
import pandas as pd
df = pd.read csv("bitcoin.csv")
df.head()
Date Price

0 5/23/2019 7881.846680

1 5/24/2019 7987.371582

2 5/25/2019 8052.543945

3 5/26/2019 8673.215820

4 5/27/2019 8805.778320

bl dduuell dalleoll
:date column g bl 5 ses AL o3
df.drop(['Date'],1l,inplace=True)

Jeoall 38U 83 g goll 2LV "D 4 5l e sLiL OV ()

predictionDays = 30
#Create another column shifted 'n' wunits up

df['Prediction'] = df[['Price']].shift (-predictionDays)
#show the first 5 rows
df.head()

Price Prediction
0 7881.846680 10701.69141
1 7987.371582 10855.37109
2 8052543945 11011.10254
3 8673.215820 11790.91699
4 8805.778320 13016.23145

Bldadl UL e gazes o G gio 5 5T LY

df.tail()


https://thecleverprogrammer.com/wp-content/uploads/2020/05/bitcoin.csv
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Price Prediction

362 9729.038086 NaN
363 9522.981445 NaN
364 9081.761719 NaN
365 9182.577148 NaN
366 9180.045898 NaN

.independent data set Al SULII de sazee sLL o3

#Create the independent dada set

#Here we will convert the data frame into a numpy array and drp the
prediction column

x = np.array(df.drop(['Prediction'], 1))

#Remove the last 'n' rows where 'n' is the predictionDays

x = x[:len(df)-predictionDays]

print (x)

1 #0utput

2 [[ 7881.84668 ]
3 [ 7987.371582]
[ 8052.543945]
[ 8673.21582 ]
[ 8885.77832 ]
[ 8719.961914]
[ 8659.487305]
[ 8319.472656]
[ 8574.501953]

W 0 N VB
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#Create the dependent data set

#convert the data frame into a numpy array
y = np.array(df['Prediction'])

#Get all the values except last 'n' rows

y = yl:-predictionDays]

print (y)

1 #0utput

2 [1e701.69141 1€855.37109 11011.10254 11790.91699 13€16.23145
3 11182.80664 124087.33203 11959.37189 1@817.15527 18583.13477
4 1e801.67773 11961.26953 11215.4375  18978.45996 11208.55078
5 11450.84668 12285.95801 12573.8125  12156.5127 11358.66211
6 11815.98633 11392.37891 10256.05859 10895.08984 9477.641602
7 S693.802734 10666.48242 10538.73242 108767.13965 185599.10547
8 1e343.1e645 9900.767578 9811.925781 9911.841797 9876.363711
9 9477.677734 9552.860352 9519.145508 9687.423828 10085.62793
16 10399.66895 10518.17481 10821.72656 10970.18457 118085.65332
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#Split the data into 80% training and 20% testing
from sklearn.model selection import train test split
xtrain, xtest, ytrain, ytest = train test split(x,y, test size = 0.2)
#set the predictionDays array equal to last 30 rows from the original
data set
predictionDays array = np.array(df.drop(['Prediction'],1)) [~
predictionDays: ]
print (predictionDays array)

1 #0utput

2 [[7550.900879]
3 [7569.936035]
[7679.867188]
[7795.601874]
[7807.0858594]
[8801.638086]
[8658.553711]
[8864.766682]
8988.59668 ]
8897.46875 ]
8912.654297]
9603.070313]
14 [9268.761719]

15 [9951.518555]
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from sklearn.svm import SVR
#Create and Train the Support Vector Machine (Regression) using radial
basis function
svr rbf = SVR(kernel='rbf', C=le3, gamma=0.00001)
svr rbf.fit (xtrain, ytrain)

1 #0utput

2 SVR(C=1e00.@, cache_size=200, coefe=0.8, degree=3, epsilon=0.1, gamma=le-

3 kernel="'rbf', max_iter=-1, shrinking=True, tol=8.e81, verbose=False)
@3goJl judal

F IV ) 5 500 il OV p s
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svr_rbf confidence = svr rbf.score (xtest,ytest)

print ('SVR_RBF accuracy

1 #0Output

2 SVR_RBF accuracy

#print the predicted values
svm prediction =
print (svm prediction)
print()
print (ytest)

1 #Output
2 [ 8580.88704057
9102.56201779

3
4
5
6
7
8
9

10
11
12

8602.29644729
8917.45480981

8381.82268219

8791.58493431
8505.95838523

8565.94893198

9602.30696397
8408.82946381
7730.30747013

: ©.80318283039572782

svr_rbf.predict (xtest)

8598.
8832.
8707.
8511.
7098.
8961.
85e4.
8378.
8934,
10548,
7792.

79383546
68229779
90682044
7652266

85213417
26396398
09557077
22399262
97864742
41305086
17e1846

8939.
8329.
7643.
7834.
8805.
8218.
8416.
8585.
9812.
9362.
8840.

94375214
30224101
06939601
15919638
2578118

28537299
46565526
8737782

86855777
68382564
84467855

:',svr_rbf confidence)

8388.
8157.
84e8.
8832.
7757.
1e512.
8812.
7630.
8473.
8597.
9893.

92621489
80057348
931e5e22
62858497
01224446
39752674
06086838
00945667
66659984
33711ele
85484852

b ol ol dsL
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#Print the model predictions for the next 30 days

svm prediction =
print (svm prediction)
print ()
#Print the actual price for bitcoin for last 30 days
print (df.tail (predictionDays)

1 #0utput

2
3
4
5
6
7
8

9

[7746.
8917.
8815.
8395.
81e2.
8106.

10 337
11 338
12 339
13 340
14 341
15 342

08637672
61532094
42825999
85348921
78537693
38537126

Price

svr_rbf.predict (predictionDays array)

7835.
8831.
8602.
89@3.
8518.
8573.

7550.900879
7569.936035
7679.867188
7795.601074
7887.858594
8801.038086

76387711
29326224
53094625
73403919
83392876
49097641

Prediction

NaN
NaN
NaN
NaN
NaN
NaN

8657.2543332
8885.5565528
8400.68827025

8811.

8666.8071745

8416.2893567

70139747

9 9554.67400231 9617.98954538
4 8640.51491415 8841.78875835
2 8426.55153101 8172.93878238

8917.58878224 8482.31118948

8195.93279966 8188.54622414
4 8307.6380027 83087.33725309]
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Fake JUI polcll pladiwl doyjoll wllod)l g @il (20
Currency Detection using Machine Learning

51,331 o JS i~ dSae Fake Currency Detection i jell codlaa)l GLazST da
S Bl B By Y s ey Bl el 05p55a domy 18,2015
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import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

from sklearn.model selection import train test split
from sklearn.preprocessing import StandardScaler
from sklearn.linear model import LogisticRegression
from sklearn.metrics import confusion matrix

Cad o glu 1 (usbie e SULII g 500 Y (bLl e gazes o 500 AL Les (VI
:QUL,,J\OAJWSJJTGJQLV:;,J@@@,@M
data = pd.read csv('data banknote authentication.txt', header=None)

data.columns = ['var', 'skew', 'curt', 'entr', 'auth']
print (data.head())


https://raw.githubusercontent.com/amankharwal/Website-data/master/data_banknote_authentication.txt

dLioll §usbn e DI el

var skew curt entr auth
3.62168 £.6661 -2.8073 -8.44699 -]
4.54590 8.1674 -2.4586 -1.46210
3.86600 -2.6383 1.9242 @.10645
3.45660 9.5228 -4.0112 -3.59440
©9.32924 -4.4552 4.5718 -©.98880

P WM R ®
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print (data.info)

pair diagram 235 hahsve ooy 0V LSy (SULI) (635800 o3 Lold o (UD

rollamShdl ey Cad p sl UL o (o B o Bl 3050 e J smamel)
1y podl LB G U 15 koY1 i) 315 G5V

sns.pairplot (data, hue='auth')
plt.show ()

-5 0 5 =20 =10 ] 10 -10

auth
= 0

:rLalA)U 8 i oY sue rﬁJjJ t:;nf Efr}jj‘llké‘AJ‘LiA RS
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o djally AoV LEdl GV eais Sl S of 5o

gl ] e 55310 LBy I3 Los Gt oY) e

plt.figure (figsize=(8,6))
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plt.title('Distribution of Target', size=18)

sns.countplot (x=data['auth'])

target count = data.auth.value counts()

plt.annotate (s=target count[0], xy=(-0.04,10+target count[0]), size=14)
plt.annotate (s=target count[1], xy=(0.96,10+target count[1l]), size=14)
plt.ylim(0, 900)

plt.show ()

Blpe I glos (Sl Cinandl dagad il (ST cle d J] B3 gm0 SULIL e ez
ol S el I e UL ) Bdlrad) 315 b ges U Golas 20

Distribution of Target

%00

800

700

600

500

count

400

300

200

100

o

bl éallco
DIl e o sde G o S pLA B3 b Jgul (L3LLy 83150 ) drlony 00 0V
random Slyie sl o Mo Slsie IS0 815 JS Leliad o5 I Bugaa]|

.undersampling
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152 Godow o) ( Jldl 3 1 g-oversampling <Ll RES| G AYL pow Lo ldag
St S Rl Bl G1sS Sl

nb to delete = target count[0] - target count[1]

data = data.sample(frac=1, random state=42).sort values (by='auth')
data = data[nb to delete:]

print (data['auth'].value counts())

1 618
8 618
Name: auth, dtype: inté4

e gazes JI SLLI s J) s (U5 sy Gl 83150 UL e sazme Lol OV
ZJK&&J} Hdi)JS

x = data.loc[:, data.columns != 'auth']

y = data.loc[:, data.columns == 'auth']

X train, x test, y train, y test = train test split(x, y, test size=0.3,
random state=42)

:Scikit-Learn s dsdioll StandardScalar & b plusenl SULI Lo 5 DE‘L..J oY
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scalar = StandardScaler ()
scalar.fit (x train)

x train = scalar.transform(x train)
x_test = scalar.transform(x test)

6.8y joJl i lloc)l GLILAY (uagUl jlani Ul

o)l el djall wMeall e Sl Lardsas lesl; u).lw NSL” oY
SN 3505 JoLLL (53 Y Lses .Logistic Regression Ul lassYl
13500 o) sl

clf = LogisticRegression(solver='lbfgs', random state=42,
multi class='auto')
clf.fit(x train, y train.values.ravel ()

(b el B85 L3 oY Les

y pred = np.array(clf.predict (x test))

conf mat = pd.DataFrame (confusion matrix(y test, y pred),
columns=["Pred.Negative", "Pred.Positive"],
index=["'Act.Negative', "Act.Positive"])

tn, fp, fn, tp = confusion matrix(y test, y pred).ravel()

accuracy = round((tn+tp)/ (tn+fp+fn+tp), 4)

print (conf mat)

print (f'\n Accuracy = {round(l00*accuracy, 2)1}%")

Pred.Negative Pred.Positive
Act.Negative 187 6
Act.Positive e 173
Accuracy = 98.36%

L3 00 18 5 Loukind ccmned S5 1 5. 7.98.36 iy 85 sz g1 iVl 25 505 2
3 e 7100 iy doemens SIS (i LE) GV of dleadl GLESY Ci ol

Slyeall il 52 4 el ]zl e S 3ty 355 B 5501 Sl Lges 0
il G315V oV lazst e Lol Lislay s 50l b 5o lgzens s Lgillas T
:3§J4lmw &b Lﬁ;LQlGL¢$3U

new banknote = np.array([4.5, -8.1, 2.4, 1.4], ndmin=2)

new banknote = scalar.transform(new banknote)

print (f'Prediction: Class{clf.predict(new banknote) [0]}")

print (f'Probability [0/1]: {clf.predict proba(new banknote) [0]}")

Prediction: Class@

Probability [@/1]: [@.61112576 @.38887424]
Lyﬂill&xﬂ
2SI o Bl o ol 8 055 O ol i il 8,01 eds o L3 el o3 5
(S ol plasenl ol el e
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Stock Price JUl plcdl plhalwl mauwll jew g8gi (21
Prediction using Machine Learning

Linear Regression sl jlussd Bdged piin dda SULIN pile 5,00 3
Apple g s 3220 Decision Tree Regression 18l 5,2l jlowY B350
.Pythony L*;‘Y\ ol sl

:CSV als 51 oY pandas s ol

import pandas as pd
apple = pd.read csv("AAPL.csv")
print (apple.head())

Date Open Price High ... Close Price Adj Close Price Volume
8 5/13/281%2 187.710ee7 189.4799%6 ... 185.720881 183.529678 57430608
1 5/14/281% 186.410e84 189.699997 ... 188.660084 186.434998 35525788
2 5/15/281% 186.27eeed 191.7500600 ... 190@.919998 188.668335 26544700
3 5/16/2019 1B9.910ee4 192.478801 ... 19@.esee82 187.838257 33831489
4 5/17/2019 186.929993 198.899994 ... 189.eee888 186.77@996 32879189

ngf)dﬂ\rQTJJﬁ LAP d;hﬂPtU
print ("trainging days =", apple.shape)

#Output- training days = (251, 7)
:é:kby‘J&w C)Ukﬁ(qu

import matplotlib.pyplot as plt
import seaborn as sns

sns.set ()

plt.figure(figsize=(10, 4))
plt.title("Apple's Stock Price")
plt.xlabel ("Days"

plt.ylabel ("Close Price USD ($)")
plt.plot (apple["Close Price"])
plt.show()

Apple's Stock Price

300 H

240

Closa Prica USD ($)

200

1] B0 100 150 200 &0
Navs
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apple = apple[["Close Price"]]
print (apple.head())

Close Price

@ 185.720001
1 188.660004
2 190.919998
3 190.080002
4 189.000000

el Boll X gl e oL
futureDays = 25
ke pUT [ Sl X g e ok G 3 ges £L23]

apple["Prediction"] = apple[["Close Price"]].shift (-futureDays)
print (apple.head())
print (apple.tail())

Close Price Prediction
185.720001 198.449997
188.660004 197.869995
190.919998 199.460007
190.080002 198.77999%

A woNn P e

189.000000 198.5808002

Close Price Prediction
246 293.160004 NaN
247 297.559998 NaN
248  300.630005 NaN
249 383.739990 NaN
250 310.130005 NaN

oL/ Gsiall e "X DL dpsde Bshas J] Loy (%) 850 DLy e sames sL2Y

import numpy as np

x = np.array (apple.drop (["Prediction"], 1)) [:-futureDays]
print (x)

#Output-

[[185.720001]
[188.660004]
[190.919998]
[190.080002]
[189.1

[183.089996]
[186.600006]
[162.779999]
[179.660004]
[178.970001]
[178.229996]
[177.380005]
[178.300003]
[175.070007]
[173.300003]
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y = np.array (apple["Prediction"]) [:-futureDays]

print (y)

#Output-

[198.449997 197.869995 199.460007 198.779999 198.580002 195.570007
199.800003 199.740005 197.919998 201.550003 202.729996 204.410004
204.229996 200.020004 201.240005 203.229996 201.75 203.300003
205.210007 204.5 203.350006 205.660004 202.589996 207.220001
208.839996 208.669998 207.020004 207.740005 209.679993 208.779999
213.039993 208.429993 204.020004 193.339996 197. 199.039993
203.429993 200.990005 200.479996 208.970001 202.75 201.740005
206.5 210.350006 210.360001 212.639999 212.460007 202.639999
206.490005 204.160004 205.529999 209.009995 208.740005 205.699997
209.190002 213.279999 213.259995 214.169998 216.699997 223.589996
223.089996 218.75 219.899994 220.699997 222.770004 220.960007
217.729996 218.720001 217.679993 221.029999 219.889999 218.820007
223.970001 224.589996 218.960007 220.820007 227.009995 227.059998

bl o)
ke 255 0y 75 J) ULl

from sklearn.model selection import train test split
xtrain, xtest, ytrain, ytest = train test split(x, y, test size=0.25)

2ilod! 2Ll
.)L#U‘EJQL:J~JJ>Q‘Ci;}QSPL:JL

#Creating the decision tree regressor model
from sklearn.tree import DecisionTreeRegressor
tree = DecisionTreeRegressor () .fit(xtrain, ytrain)

#creating the Linear Regression model
from sklearn.linear model import LinearRegression
linear = LinearRegression().fit (xtrain, ytrain)

1550l DLy A gomed 8,591 pLYI ] G stnall e "X e J el

xfuture = apple.drop(["Prediction"], 1) [:-futureDays]
xfuture = xfuture.tail (futureDays)

xfuture = np.array(xfuture)

print (xfuture)
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#Output-

[[273.359985]
[298.809998]
[289.320007]
[302.73999 ]

[292.920013]
[289.029999]
[266.170013]
[285.339996]
[275.429993]
[248.229996]
[277.970001]
[242.210007]
[252.860001]

il
DA ot 3 505 55 5alia)

treePrediction = tree.predict (xfuture)
print ("Decision Tree prediction =", treePrediction)

sl SIS 525 5 0 sl

linearPrediction = linear.predict (xfuture)
print ("Linear regression Prediction =",linearPrediction)

elguil rouw
‘)‘Jj.“.e'ﬁh:&‘}.sr.wfj

predictions = treePrediction

valid = apple[x.shape[0]:]

valid["Predictions"] = predictions
plt.figure(figsize=(10, 6))

plt.title("Apple's Stock Price Prediction Model (Decision Tree Regressor
Model) ")

plt.xlabel ("Days"

plt.ylabel ("Close Price USD ($)")

plt.plot (apple["Close Price"])
plt.plot(valid[["Close Price", "Predictions"]])
plt.legend(["Original", "Valid", "Predictions"])
plt.show()

Agele's Stock, Price Predictin ModellDecision Tree Regressor Modsi)
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predictions = linearPrediction

valid = apple[x.shape[0]:]

valid["Predictions"] = predictions
plt.figure(figsize=(10, 6))

plt.title("Apple's Stock Price Prediction Model (Linear Regression Model)")
plt.xlabel ("Days")

plt.ylabel ("Close Price USD ($)")

plt.plot (apple["Close Price"])
plt.plot(valid[["Close Price", "Predictions"]1)
plt.legend(["Original", "Valid", "Predictions"])
plt.show()

PR ——
e
rmgcrons N

200 M " Iﬁ

" | I‘|"\| ‘.Fk
,“-‘" pll‘l}f‘lh \','I‘

Close Price USD (5)
H

. o
. W
A

A W
v \W



162 U Lell pladiwl yushl 68g

Predict Weather using JUl pleil pladiwly yudhhl g8gi (22
Machine Learning

PSS Sl plisenly ol 5ml) 23 500 oy ple il ods
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import pandas as pd

global temp = pd.read csv("GlobalTemperatures.csv")
print (global temp.shape)

print (global temp.columns)

print (global temp.info())

print (global temp.isnull().sum())

bl AN

25505 GV UL Jla] Bib g LSy 21 Al yoll J) Gles bl o] casall o 50
ol =350 BLBLy w5l Aiihall SRl Gy sl ] ] gl I35 g ales
N

Leror o3 1 SBLIs psall 235001 e SBLII slas] Gl ol lasdll doa
wrangle () oo D1 g2l ST UL Bdlae o 505 ) Gl Sla o S S0
:dataframe _le g Sl

#Data Preparation
def wrangle (df) :
df = df.copy ()
df = df.drop(columns=["LandAverageTemperatureUncertainty",
"LandMaxTemperatureUncertainty",
"LandMinTemperatureUncertainty",
"LandAndOceanAverageTemperatureUncertainty"], axis=1)

13 5uhas VI DL p st (5 sy - foo W ks ¥ i SBLN ] o B Jos
‘high cardinality &l &l B


https://raw.githubusercontent.com/amankharwal/Website-data/master/GlobalTemperatures.csv
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def converttemp (x) :
x = (x * 1.8) + 32
return float (x)
df ["LandAverageTemperature"] =
df ["LandAverageTemperature"] .apply (converttemp)
df ["LandMaxTemperature"] = df["LandMaxTemperature"] .apply (converttemp)
df ["LandMinTemperature"] = df["LandMinTemperature"].apply (converttemp)
df ["LandAndOceanAverageTemperature"] =
df ["LandAndOceanAverageTemperature"] .apply (converttemp)

df ["dt"] = pd.to datetime (df["dt"])
df ["Month"] = df["dt"].dt.month
df ["Year"] = df["dt"].dt.year

df = df.drop("dt", axis=1)

df df.drop ("Month", axis=1)

df df [df.Year &gt;= 1850]

df = df.set index(["Year"]

df = df.dropna ()

return df
global temp = wrangle(global temp)
print (global temp.head())

i3, OV e (global temp dataframe J| Lo iwoll wrangle dls eledow! da

53530 3 D5 by Lol global temp UL S e st e den
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import seaborn as sns

import matplotlib.pyplot as plt
corrMatrix = global temp.corr ()
sns.heatmap (corrMatrix, annot=True)
plt.show ()
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target = "LandAndOceanAverageTemperature"

y = global temp[target]
x = global temp[["LandAverageTemperature", "LandMaxTemperature",

"LandMinTemperature"] ]
Juialg wyjai wbly JI ogawoe il
pMaly SBL s J) b o JYI ] el eilally 52l 3 505 5L23Y (O
:scikit-Learn ;s 4sdidoll train test split 4 ,b
from sklearn.model selection import train test split
xtrain, xval, ytrain, yval = train test split(x, y, test size=0.25,
random state=42)
print (xtrain.shape)
print (xval.shape)

print (ytrain.shape)
print (yval.shape)

(1494, 3)
(498, 3)
(1494,)
(498,)

Slnoll UnAJl hiugio Gulwl ha
ol 32l by Gl S ol 350 o 155 T s ol 2] e S O S
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Lkl s o Y el 0L 06 2 o Gl B3 05

from sklearn.metrics import mean squared error

ypred = [ytrain.mean()] * len(ytzain)
print ("Baseline MAE: ", round(mean squared error (ytrain, ypred), 5))

wohJu guill gagodJl wuyjai
5,56 Random Forest &)l s <y o dla o JYI whadl plisely nahally 520l oY
MooV SIS s Catal plga slsl e

from sklearn.feature selection import SelectKBest

from sklearn.ensemble import RandomForestRegressor
forest = make pipeline (
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SelectKBest (k="all"),

StandardScaler (),

RandomForestRegressor (
n_estimators=100,
max depth=50,
random state=77,
n_jobs=-1

)

)

forest.fit (xtrain, ytrain)

uI Il_:'r-‘."llgjj]l I "'Iejw ”"uu
G gl dendl Jo e plsel precision ol LS el La ) shane (8L31525 o5
import numpy as np
errors = abs(ypred - yval)
mape = 100 * (errors/ytrain)

accuracy = 100 - np.mean (mape)
print ("Random Forest Model: ", round(accuracy, 2), "$")

Random Forest Model: 99.52 %

Sl Jas By Jaadl plall VI ladl plasenly &gl g il gl b pod ol A1)
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Earthquake Prediction JUI poleil plaaiwl JjUpu g4l (23
using Machine Learning
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import numpy as np
import pandas as pd
import matplotlib.pyplot as plt
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data = pd.read csv("database.csv")

data.columns

Index(['Date’, 'Time', 'Latitude’, 'Longitude’, 'Type', 'Depth', 'Depth Error’,
‘Depth Seismic Stations®, 'Magnitude’, 'Magnitude Type’,
‘Magnitude Error', 'Magnitude Seismic Stations', 'Azimuthal Gap®,
‘Horizontal Distance', 'Horizontal Error', "Root Mean Square', "ID',
'Source’, 'Location Source', 'Magnitude Source’', 'Status'],

dtype="object’)
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data = data[['Date', 'Time', 'Latitude', 'Longitude', 'Depth’,

'Magnitude']]
data.head()


https://github.com/amankharwal/Website-data/blob/master/database.csv
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date Time Latitude Longitude Depth Magnitude
0 01/02/1965 13:44:18 19.246 145.616 131.6 6.0
1 01/04/1965 11:29:49 1.863 127.352 80.0 58
2 01/05/1965 18:05:58 -20.579 -173.972 20.0 6.2
3 01/08/1965 18:49:43 -59.076 -23.557 15.0 58
4 01/09/1965 13:32:50 11.938 126.427 15.0 5.8
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import datetime
import time

timestamp = []
for d, t in zip(data['Date'], datal['Time']):
try:
ts = datetime.datetime.strptime (d+' '+t, '%m/%d/%Y %H:3M:%S')
timestamp.append (time.mktime (ts.timetuple()))
except ValueError:
# print ('ValueError')
timestamp.append ('ValueError')
timeStamp = pd.Series (timestamp)

data['Timestamp'] = timeStamp.values
final data = data.drop(['Date', 'Time'], axis=l)
final data = final data[final data.Timestamp != 'ValueError']

final data.head()

Latitude Longitude Depth Magnitude Timestamp
0 19.246 145.616 131.6 6.0 -1.57631e+08
1 1.863 127.352 80.0 5.8 -1.57466e+08
2 -20.579 -173.972 20.0 6.2 -1.57356e+08
3 -59.076 -23.557 15.0 58 -1.57094e+08
4 11.938 126.427 15.0 58 -1.57026e+08
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from mpl toolkits.basemap import Basemap

m = Basemap (projection='mill',llcrnrlat=-80,urcrnrlat=80, llcrnrlon=-
180,urcrnrlon=180, lat ts=20,resolution='c")

longitudes = data["Longitude"].tolist ()
latitudes = data["Latitude"].tolist ()
#m = Basemap (width=12000000, height=9000000,projection="1lcc"',
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#resolution=None,lat 1=80.,lat 2=55,1lat 0=80,lon 0=-107.)
m(longitudes, latitudes)

le

fig = plt.figure(figsize=(12,10))

plt.title("All affected areas")

m.plot(x, y, "o", markersize = 2, color = 'blue')
.drawcoastlines ()

.fillcontinents (color='coral', lake color='aqua')
.drawmapboundary ()

.drawcountries ()

plt.show ()
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X final data[['Timestamp', 'Latitude', 'Longitude']]
y = final data[['Magnitude', 'Depth']]
from sklearn.cross _validation import train test split

X train, X test, y train, y test = train test split(X, y, test size=0.2,
random state=42)
print (X train.shape, X test.shape, y train.shape, X test.shape)

(18727, 3) (4682, 3) (18727, 2) (4682, 3)
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from keras.models import Sequential
from keras.layers import Dense

def create model (neurons, activation, optimizer, loss):
model = Sequential ()
model.add (Dense (neurons, activation=activation, input shape=(3,)))
model .add (Dense (neurons, activation=activation))
model .add (Dense (2, activation='softmax'))

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

return model
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from keras.wrappers.scikit learn import KerasClassifier
model = KerasClassifier(build fn=create model, verbose=0)
# neurons = [16, 64, 128, 256]
neurons = [16]

# batch_size =
batch size = [
epochs = [10]
# activation =
'exponential']
activation = ['sigmoid', 'relu']

# optimizer = ['SGD', 'RMSprop', 'Adagrad', 'Adadelta', 'Adam', 'Adamax',
'Nadam' ]

optimizer = ['SGD', 'Adadelta']

loss = ['squared hinge']

10, 20, 50, 100]
]

['relu', 'tanh', 'sigmoid', 'hard sigmoid', 'linear',

param grid = dict (neurons=neurons, batch size=batch size, epochs=epochs,
activation=activation, optimizer=optimizer, loss=loss)
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grid = GridSearchCV (estimator=model, param grid=param grid, n_jobs=-1)
grid result = grid.fit (X train, y train)
print ("Best: %f using %s" % (grid result.best score_,
grid_result.best params ))
means = grid result.cv_results_['mean test score']
stds = grid result.cv_results ['std test score']
params = grid result.cv results ['params']
for mean, stdev, param in zip(means, stds, params):
print ("$f (%f) with: %r" % (mean, stdev, param))
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Best: ©.957655 using {'activation': 'relu', 'batch_size': 18, 'epochs': 18, 'loss':
‘squared_hinge', 'neurons': 16, ‘optimizer': 'SGD'} ©.333316 (@.471398) with: {'activation':
'sigmoid’, 'batch_size': 18, 'epochs': 18, "loss': 'squared_hinge®, "neurons': 16, 'optimizer':
'SGD'} ©.000000 (©.000000) with: {'activation': 'sigmoid', 'batch_size': 10, 'epochs': 18, 'loss':
‘squared_hinge’, 'neurons': 16, ‘optimizer': 'Adadelta’} ©.957655 (©.829957) with: {'activation':
'relu’, 'batch_size': 1@, 'epochs': 18, 'loss': 'squared_hinge', 'neurons': 16, 'optimizer': 'SGD'}
9.645111 (©.456960) with: {'activation': 'relu', 'batch_size': 109, 'epochs': 10, 'loss':

‘squared_hinge’, 'neurons': 16, ‘optimizer': 'Adadelta’}

- . . - - ~; . . £ - . .
4.>=:1J\ uLMoJ Cb).m.‘” U.MJzJ 5N oladadd! J”‘”‘ ¢‘J~?§:~ﬂ‘ r:.j vy ojje;J‘ <
model = Sequential ()

model.add (Dense (16, activation='relu', input shape=(3,)))

model.add (Dense (16, activation='relu'))

model.add (Dense (2, activation='softmax'))

model.compile (optimizer='SGD', loss='squared hinge', metrics=['accuracy'])
model.fit (X train, y train, batch size=10, epochs=20, verbose=l,
validation data=(X test, y test))

[test loss, test acc] = model.evaluate (X test, y test)

print ("Evaluation result on Test Data : Loss = {}, accuracy =
{}".format (test loss, test acc))

Evaluation result on Test Data : Loss = ©.5@38455798486@56, accuracy = 0.92417770178583995
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Predicting (JUI ol pladiwl cléll yAlyol agag adgi (24
presence of Heart Diseases using Machine Learning
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# Basic

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt
from matplotlib import rcParams
from matplotlib.cm import rainbow
$matplotlib inline

import warnings
warnings.filterwarnings ('ignore')

# Other libraries
from sklearn.model selection import train test split
from sklearn.preprocessing import StandardScaler


https://github.com/kb22/Heart-Disease-Prediction
https://github.com/kb22/Heart-Disease-Prediction
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# Machine Learning

from sklearn.neighbors import KNeighborsClassifier
from sklearn.svm import SVC

from sklearn.tree import DecisionTreeClassifier
from sklearn.ensemble import RandomForestClassifier
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dataset.info ()
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###4# OUTPUT ####
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# <class 'pandas.core.frame.DataFrame'>
# RangeIndex: 303 entries, 0 to 302
# Data columns (total 14 columns):
# age 303 non-null int64

# sex 303 non-null int64

# cp 303 non-null inté64

# trestbps 303 non-null int64

# chol 303 non-null int64

# fbs 303 non-null inté64

# restecg 303 non-null inté64

# thalach 303 non-null int64

# exang 303 non-null int64

# oldpeak 303 non-null floaté64
# slope 303 non-null inté64

# ca 303 non-null int64

# thal 303 non-null int64

# target 303 non-null inté64

# dtypes: float64 (1), int64(13)

# memory usage: 33.2 KB
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age sex &P trestbps chel fbs restecy thalach exang cldpeak slope ca

count 303.000000 303.000000 303.000000 303.000000 303.000000 303.000000 303.000000 303.000000 303.000000 303.000000 303.000000 B303.000000 303.0C
mean 54368337 0.683168 0966987 131.623762 246.264026 0.148515 0.526053 140.648665 0326733 1.039604 1.398340 0.729373 2.3

s

B

8.082101 0.485011 1.032052 17.538143  51.830751 0.358188 0.525860 22.905161 0.4687%4 1.161075 0.616226 1.022606 0.61
min  29.000000 0.000000 0.000000  94.000000 128.000000 0.000000 0.000000  71.000000 0.000000 0.000000 0.000000 0.000000 0.0¢

25%  47.500000 0.000000 0.000000 120000000 211.000000 0.000000 0.000000 133500000 0.000000 0.000000 1.000000 0.000000 2.00
50%  55.000000 1.000000 1.000000 130.000000 240.000000 0.000000 1.000000 153000000 0.000000 0800000 1.000000 0.000000 2.00
75%  61.000000 1.000000 2.000000 140.000000 274.500000 0.000000 1.000000 166000000 1.000000 1.600000 2.000000 1.000000 a.nc
max  77.000000 1.000000 3.000000 200.000000 564.000000 1.000000 2.000000 202.000000 1.000000 6200000 2.000000 4.000000 anc
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rcParams|['figure.figsize'] = 20, 14

plt.matshow (dataset.corr())

plt.yticks (np.arange (dataset.shape[l]), dataset.columns)
plt.xticks (np.arange (dataset.shape[l]), dataset.columns)
plt.colorbar ()
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rcParams|['figure.figsize'] = 8,6

plt.bar (dataset['target'].unique(), dataset['target'].value counts(),
color = ['red', 'green'])

plt.xticks ([0, 11)

plt.xlabel ('Target Classes')

plt.ylabel ('Count"')

plt.title('Count of each Target Class')
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# 0
# Dummy Columns
# | Gender 0 || Gender 1 |
# | 0 [ 1
# 0 Il 1
# 1 Il 0



dlioll g e < JDI ple il 176
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dataset = pd.get dummies (dataset, columns = ['sex', 'cp', 'fbs',

'restecg', 'exang', 'slope', 'ca', 'thal']

s 2ol UL s pazee Gl w2 sklearn e StandardScaler pdseusls (VI

standardScaler = StandardScaler ()

columns_to scale = ['age', 'trestbps', 'chol', 'thalach', 'oldpeak']

dataset[columns to scale] =
standardScaler.fit transform(dataset[columns to scale])
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= dataset['target']
= dataset.drop(['target'], axis = 1)

_train, X test, y train, y test = train test split(X, y, test size =
0.33, random state = 0)
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knn scores = []
for k in range(1,21):
knn_classifier = KNeighborsClassifier (n_neighbors = k)

knn classifier.fit (X train, y train)
knn_ scores.append (knn_classifier.score (X test, y test))
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plt.plot ([k for k in range(l, 21)], knn scores, color = 'red')
for i in range(1,21):
plt.text (i, knn_scores[i-1], (i, knn scores[i-1]))

plt.xticks([1i for i in range(l, 21)])

plt.xlabel ('Number of Neighbors (K)"')

plt.ylabel ('Scores')

plt.title ('K Neighbors Classifier scores for different K values')
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K Meighbors Classifier scores for different K values
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svc_scores = []
kernels = ['linear', 'poly', 'rbf', 'sigmoid']
for i in range (len(kernels)):
svc_classifier = SVC(kernel = kernels[i])
svc classifier.fit (X train, y train)
svc_scores.append (svc_classifier.score (X test, y test))
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colors = rainbow (np.linspace (0, 1, len(kernels)))
plt.bar (kernels, svc_scores, color = colors)
for i in range (len(kernels)):
plt.text (i, svc scores[i], svc_scores[i])
plt.xlabel ('Kernels')
plt.ylabel ('Scores')
plt.title('Support Vector Classifier scores for different kernels')
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Support Vector Classifier scores for different kernels
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dt scores = []
for 1 in range(l, len (X.columns) + 1):

dt_classifier = DecisionTreeClassifier (max features = i, random state
= 0)

dt classifier.fit (X train, y train)

dt scores.append(dt classifier.score (X test, y test))
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plt.plot ([i for i in range(l, len(X.columns) + 1)], dt scores, color =
'green')
for i in range(l, len(X.columns) + 1):
plt.text (i, dt scores[i-1], (i, dt scores[i-1]))
plt.xticks([1i for i in range(l, len(X.columns) + 1)])
plt.xlabel ('Max features')
plt.ylabel ('Scores')
plt.title('Decision Tree Classifier scores for different number of maximum
features"')
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Decision Tree Classifier scores for different number of maximum features
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rf scores = []
estimators = [10, 100, 200, 500, 1000]
for i in estimators:
rf classifier = RandomForestClassifier (n_estimators = i, random state
= 0)
rf classifier.fit (X train, y train)
rf scores.append(rf classifier.score(X test, y test))
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colors = rainbow (np.linspace (0, 1, len(estimators)))
plt.bar([i for i in range(len(estimators))], rf scores, color = colors,
width = 0.8)
for i in range(len(estimators)):
plt.text (i, rf scores[i], rf scores[i])
plt.xticks(ticks = [i for i in range(len(estimators))], labels =
[str (estimator) for estimator in estimators])
plt.xlabel ('Number of estimators')
plt.ylabel ('Scores')
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plt.title('Random Forest Classifier scores for different number of
estimators"')

Random Forest Classifier scores for different number of estimators
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Handwritten Digit R ecognition using Machine Learning
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.Matplotlib e
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G 53alr a5 Handwritten Digits <ULy & gazes pideid gy mall Mo S
oLl 5,83 el SULI de sazee ol ol LSy sklearn 255

from sklearn import datasets
digits = datasets.load digits()

Cyb7ﬂéb~wbilypj géUAigcJkaggﬁkéjxxfgﬁvﬁﬁ‘bpsjgs.%w3)|g;b%#\&;}%aJ
U3 JI Loy Gl elosls SULII e yazead i gy

Al Sl pre e LaadS o s SlaYls UL e sy S50 555 o0

main_data = digits[‘data’]
targets = digits[‘target’]

J 35S plasenly Loy &3, LeSlay OV
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def view digit (index) :
plt.imshow (digits.images[index] , cmap = plt.cm.gray r ,
interpolation = 'nearest')
plt.title('Orignal it is: '+ str(digits.target[index]))
plt.show()view digit (17)

Orignal itis: 7

:2agoll hinAaj

A Cinae 13lad 3 pubennd dliiee by plan] o dilseall 230l Jas LS8 ne)
51 piadl SUI Cinas a0 5 el Citnae <SVM ol lgaenoll

:aciJl ulenilo Al ino (1

hyperplane 5L (g sums Jo 5 gl 32 SVM deslldl ol A i)l g3 oo gl
e L) bla Canas I (2l5eedl 54e — N) N-dimensional sLaé 3

A hyperplanein R?isaline A hyperplanein R¥is a plane

Hyperplanes in 2D and 3D feature space

# import the SVC

from sklearn import svm

svc = svm.SVC (gamma=0.001 , C = 100.)

# gamma and C are hyperparameters# Training data = 1790 , Validation
data = 6

svc.fit (main data[:1790] , targets[:1790])# predict on test data
predictions = svc.predict (main data[1791:])# check the result
predictions , targets[1791:]
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predictions , targets[1791:]

(array([4, 9, @, 8, 9, 8]), array([4, 9, @, 8, 9, 8]))

SVM it p s s iyl o A6 Ly s Cpaeld D Bdle by piens o5 5 LS
LV Bl G 100 diy 85 o Joazsy SULIY s D dr Jons

<matplotlib.image.AxesImage at Ox1lfe8ee88fad>
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Tid Refund Marital Taxable
Status  Income Cheat

NS
X
oo
N
0‘

Splitting Attributes

1 |ves Single 125K No »

2 [No Married [100k  [No

3 |No single |70 No Yis/ No ¢

4 |Yes Mamried [120K  |No NO

5 [No  |Dvorcedosk  |Yes' | pummmly Single, Divorced \‘\I\:arried
6 [No Married | 60K No

7 |Yes |Divorced [220k  |No NO

8 [No |snge [esk [ves < 30’2 \> 80K

9 [No Married |75k No NO ;!s

10 [No Single 90K Yes

Training Data Model: Decision Tree
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23 I

# import the Classifier
from sklearn.tree import DecisionTreeClassifier# Instanciate Model

# we can also use criterion = 'entropy' both lead us to nearly same
# resultdt = DecisionTreeClassifier (criterion = 'gini') # fit the data
on model

# Training Set = 1600 , Validation Set = 197

dt.fit (main_data[:1600] , targets[:1600])# prediction on test data
predictions2 = dt.predict (main data[1601:])# We use classification
materics as accuracy score

# import accuracy score

from sklearn.metrics import
accuracy_scoreaccuracy_score(targets[1601:] , predictions2)

accuracy_score(targets[1601:] , prediction52)|

0.7857142857142857
Aol e Gl Sllysy ol Sy e Likises Gloesl s (231 L G0V
Gk oo B 8L LSay Dbl e Grnas 21T 5,801 520l Citas (9352 o5 WS
DTC J sl oldaall s
digaircl 6yledl eino (3
el o IS0 sl Sy SN Arsls s Lajyls a Lol il SLI
et e LW o 85 FASEEW e Hipvivy By, 2SI de),) yl Cal as sl
Slae e 15 Hloedl 281 il LW 25 Bl s 8 sl Gloed Y sae 515 LS 6] JUi
Geb oo J sl Jlsss it S e 55 e Jeasds (Blste 8l L
Bedl LoaY o 13550 5 &1 LS.y saall

Training Training
Sample Sample

Training
Sample

i 2 XK n

Training Set

Decision
Tree

Decision ision
Tree Tree
2 000

Test Set

IEHHHHHHHII
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23,1

from sklearn.ensemble import RandomForestClassifier# n estimators
hyperparameters ( default 100 )

rc = RandomForestClassifier (n_estimators = 150)# Training Data = 1500
, Validation data = 297

rc.fit (main data[:1500] , targets[:1500])predictions3 =

rc.predict (main data[1501:])accuracy_ score(targets[1501:] ,
predictions3)

accuracy_score(targets[1501:] , predictions3)

0.9222972972972973

DA 8t e S5 85l [T By e Sl JS05 431 gl DI e oS (55 S
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ULl de gazes e 795 g)uj/iéa el Sy «BLII e el plasels 51 S
e s SN UL e T 1505 Casl Lo o e 0S5 (S5 .0l Jases & 281
3 e ST e 23500l
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Electricity Price JUI plcil pladiwl cUjadll jlewl 595 (26
Prediction using Machine Learning
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Logall odg) Lt LIl LI
import pandas as pd
import numpy as np
data =
pd.read csv("https://raw.githubusercontent.com/amankharwal/Website-

data/master/electricity.csv")
print (data.head())

DateTime Heliday ... SystemLoadEP2 SMPEP2

@ ©1/11/2011 e0:00 None ... 3159.68 54.32
1 el/11/2ell ee:3e None ... 2973.8e1 54.23
2 e1/11/2011 e1:e@ None ... 2834.88 54,23
3 e1/11/2e11 el:3e@ None ... 2725.99 53.47
4 ©e1/11/2e11 e2:00 None ... 2655.64 39.87

[5 rows x 18 columns]
foda SULI de sazs skosl o o 600 AL Lo
data.info ()
¢<class 'pandas.core.frame.DataFrame'>

RangeIndex: 38814 entries, © to 38013

Data columns (total 18 columns):

# Column Non-Null Count Dtype
@ DateTime 38014 non-null object
1 Holiday 38014 non-null object
2 HelidayFlag 38014 non=-null inté4
3  DayOfkeek 38014 non-null int64
4 WeekOfYear 38014 non-null int64
5 Day 38014 non-null inté&4
& Menth 38014 non-null inté&4
7 Year 38014 non-null int64
8 PeriodOfDay 38014 non-null inté&4
9  ForecastWlindProduction 38014 non-null object
16 SystemlLoadEA 38014 non-null object
11 SMPEA 38014 non-null object
12 ORKTemperature 38014 non-null object
13 ORKWindspeed 38014 non-null object
14 CO2Intensity 38014 non-null object
15 ActualWindProduction 38014 non-null object
16 SystemLoadEP2 38014 nen-null object
17 SMPEP2 38014 non-null object

dtypes: int64(7), object(1l)

memory usage: 5.2+ MB
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SUL e gazes Filadus 03 o Bl o) S5 Sl e ol 0T (] O b
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float values &uils o3 J] oda Lzl

data["ForecastWindProduction"] =
pd.to numeric(data["ForecastWindProduction"], errors= 'coerce')

data["SystemLoadEA"] = pd.to numeric(data["SystemLoadEA"], errors=
'coerce')

data["SMPEA"] = pd.to numeric(data["SMPEA"], errors= 'coerce')
data["ORKTemperature"] = pd.to numeric(data["ORKTemperature"], errors=
'coerce')

data["ORKWindspeed"] = pd.to numeric(data["ORKWindspeed"], errors=
'coerce')

data["CO2Intensity"] = pd.to numeric(data["CO2Intensity"], errors=
'coerce')

data["ActualWindProduction"] =

pd.to numeric(data["ActualWindProduction"], errors= 'coerce')
data["SystemLoadEP2"] = pd.to numeric(data["SystemLoadEP2"], errors=
'coerce')

data["SMPEP2"] = pd.to numeric(data["SMPEP2"], errors= 'coerce')

Y el 32,6 13 (ol e (g 50 o SULI) e oo COSTIS] Lo o 5 155 3 oY Lo
data.isnull () .sum()

DateTime
Holiday
HolidayFlag
DayOflleck
HeekOfYear
Day

Month

Year
PeriodOfDay
ForecastWindProduction
SystemLoadEA
SMPEA

N NV O DO D O DO O

~
(]
wn

ORKTemperature
ORKWindspeed
CO2Intensity

~
0
w

ActuallWindProduction
SystemLoadEP2

SMPEP2

dtype: inted

[ NI, BN

S Ggiall ada J8 blanl ol Al o8 e 500 S 3das) Gan Sia S
I¢>BE§\X§)A2n0¢g %Ju-rfsggﬁtéjxai
data = data.dropna ()

Bl A o Fidee VI oo (o BV o 3 10 2 VI Les

import seaborn as sns

import matplotlib.pyplot as plt
correlations = data.corr (method='pearson')
plt.figure (figsize=(16, 12))
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sns.heatmap (correlations, cmap="coolwarm", annot=True)
plt.show()

HolidayFlag 013 0026 0031 0013 0011 0001 0074 0054 00031 0097 Q063 DOSS 0065 D078 00018

00089 00046 00043 000098 000033 0036 D18 0078 0016 005¢ 003 0032 049 007

DayOftesk — 013

WieekOfvear - 0026 023 000026 OD44 4027 0018 016 0028 0084 0062 004 0016
Day - 0021 Q0046 00014 5905 0071 00075 0O0LE 0015 0087 D082 0061 0026 0013
wontn - 0013 0o0a3 [ERER Ml 023 000019 0047 0032 0018 015 0028 01 0064 004 0015

Year - 00011 0046 4082 0045 0079 0013 D19 D064 0059 0045

PeriodQfDay - 0,001 000033000026 § 9e-05 -0.00019 0.00018|

0035

ForecastWindProduction - 0074 003 0044 0071 0047 D046

Systemioagks - 0054 018 0027 00075 0032 0082

SWFEA - 00031 0078 0018 0018 0018 0045

CAKRerngerature - 4087 0016 016 0015 D015 0479

CRuwindspeed - 0063 0054 0028 0087 0028 D013

COZintensity - 0055 003 0094 0082 41 D19

ActualWingProduction - 0065 0032 0062 0061 0064 D.064

systemicantPz - 0076 019 004 0026 0041 0059

SMPEP? - 00018 D07 0016 D013 0015 0045 00091 0035 0035 0083 052

&
=
&

Day -,

]
H

SMPEA

o

4
&

HolidayFlag -
DayOfieek
Weekortear -

PeriodOfDay -
CO2ntensity -
SystemLosdEP2 -

ForecastWindProduction
SystemLoadEA -
CRKRemperature -
CRKWindspeed -
ActuaiindProduction
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kel

x = datal["Day", "Month", "ForecastWindProduction", "SystemLoadEA",
"SMPEA", "ORKTemperature", "ORKWindspeed", "CO2Intensity",
"ActualWindProduction", "SystemLoadEP2"]]

y = data["SMPEP2"]

from sklearn.model selection import train test split

xtrain, xtest, ytrain, ytest = train test split(x, vy,
test size=0.2,
random state=42)

Random Forest 5| sl Ll i)l > b jlslo lasa ¥l Ui P oda oy s
1ol S ey 5l 23 500 ]

from sklearn.ensemble import RandomForestRegressor
model = RandomForestRegressor ()
model.fit (xtrain, ytrain)

RandomForestRegressor(bootstrap=True, ccp_alpha=0.8, criterion='mse',
max_depth=None, max_features='auto', max_leaf_nodes=None,
max_samples=None, min_impurity_decrease=8.8,
min_impurity_split=None, min_samples_leaf=1,
min_samples_split=2, min_weight_fraction_leaf=0.0,
n_estimators=180, n_jobs=None, oob_score=False,

random_state=None, verbose=@, warm_start=False)
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#features = [["Day", "Month", "ForecastWindProduction",
"SystemLoadEA", "SMPEA", "ORKTemperature", "ORKWindspeed",
"CO2Intensity", "ActualWindProduction", "SystemLoadEP2"]]
features = np.array ,14.8 ,9.0 ,49.56 ,4241.05 ,54.10 ,12 ,1011])
([[4426.84 ,54.0 ,491.32

model.predict (features)

array([65.1696])
o8I sl ol S Al 23 0 )5 Ly SeSlay 1 B ol
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Water Quality "_.,J]JI olcil plaalwl olodl 6aga JudAaj (27
Analysis using Machine Learning
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Python plisealy JYI Wl plasenls slbadl 85 g2 s e Salbel U 5

olLoJl 62ga Judni

Jelos el Bl G Y1 ! Boel) Bt I Vbl ol oloodl 83 g2 o )
O ebadl LhU e 555 N el gall aer g (o L Loage Y 2 oLl 2L
Gl b o &l o oloo e CSISTIS) Lo it 4y (U1 IV il 25 500 55
g

by e o0 A Kaggle SULs de pores plbvnalis bl 83 g Jodons Logod el
Mo 55 S Pl e oLl AL e 555 A S 1 el gl e I s
oda SULN de oz Ol e 0 850 S BLESTL Slgbes SU LU dags oluadl 8 4
Gl b sl dal oldl de OS] Loy 3l JYI (el 5 pe0 ol S Sl

La e oball 53 2 Lo Legod Lgadbunad A1 SN e sazes 35 SiSlay  I0gd

0ol 64 plaaiwl oo 6aga JulAj
SbL dsgezmas Python wleSe ol Gob oo oludl 5352 Jos dege Tuls
) 2l
import matplotlib.pyplot as plt
import pandas as pd
import seaborn as sns

import numpy as np

data = pd.read csv("water potability.csv")

data.head ()
ph Hardness Solids Chlcramines  Sulfate Conductivity ~ Organic_carbon  Trihalomethanes  Turbidity  Potability
[ NaN 204.890455 20791.318081 7.300212 368.516441 564.308654 10.379783 86.990070 2963135
1 3.716080 129.422021 18630.057858 6.635246 NaN 502.885359 15.180013 56.329076 4500856
2 8.000124 224236259 19909.541732 0.275884 NaN 418.606213 16,868637 66.420003 3.055034 0
3 B.316766 214.373394 22018.417441 8059332 356.886136 363.266516 18.436524 100.341674 4628771

4 9.092223 181.101509 17978.986339 6.546600 310.135738 308.410813 11.558278 31.097803 4075075


https://raw.githubusercontent.com/amankharwal/Website-data/master/water_potability.csv
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data = data.dropna ()
data.isnull () .sum()

ph

Hardness

Solids
Chloramines
Sulfate
Conductivity
Organic_carbon
Trihalomethanes
Turbidity
Potability

O 9O 0O O O O O O O D

dtype: int64
CL."“.’ c.§-U‘ 3 saall 2 odan WULI de gazead Potability column o ,idd LU 5 40e
(1) @l Bl sbadl I3 e ) 25 A1 15 0 el o g o 0 and 55 )

plt.
.countplot (data.Potability)
plt.
plt.

sns

" Potability" s yee 31 5 0 255 65 Lyes LU .02 (0) dllo 2 5
figure (figsize=(15, 10))

title ("Distribution of Unsafe and Safe Water")
show ()

Poeabity

STl Slee oY @315 1 oda SULII e gosee O a5 0 ey ¢ o5 1a U

A6 1 e

Uses S woluadl 5352 o 555 Iy Ledalos Lo ¥ Jolss a5 Y el L83 LS
ookt Yl ssas o 3l sl ) (6 5V 4l sl Bas Y e 2SS

:ph column



193 I el polaAiiwl oliodl 82ga Julaj

import plotly.express as px
data = data
figure = px.histogram(data, x = "ph",
color "Potability",
title= "Factors Affecting Water Quality: PH")

figure.show ()

Factors Affecting Water Quality: PH

ph

O35 e Gt Jolo 55 bl omssiedd! oV Aol ool Y1 5 g0 Jio
8.55 6.5 oy 2l oo s oyl 0301 88 065 0 o oLl (gl ol
r B e gazes Boldl 8352 o S50 Ul S Jaladl e 3 k5 2l oY1 G yeo

figure = px.histogram(data, x = "Hardness",

color = "Potability",

title= "Factors Affecting Water Quality:
Hardness")
figure.show ()

Factors Affecting Water Quality: Hardness

33l elodl & e dotins . SBL e pozs elodl hardness s e o) 5 el IS s
b oV ke o2l o pl e 2002120 J) 658 Joas gl sledl ST o pdae e
eladl 852 o 55 sl JUI el e 3k

figure = px.histogram(data, x = "Solids",
color = "Potability",

title= "Factors Affecting Water Quality:
Solids")

figure.show ()
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Factors Affecting Water Quality: Solids
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figure = px.histogram(data, x = "Chloramines",

color = "Potability",

title= "Factors Affecting Water Quality:
Chloramines")

figure.show ()

Factors Affecting Water Quality: Chloramines

o oS el IS LB de azes (Belad) BermslpslSI i oSlel el e
S sl Je Laldl e w ks il oY1 Les Leladl sleall dadil Gledicnall ol sghaoll
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figure = px.histogram(data, x = "Sulfate",

color = "Potability",

title= "Factors Affecting Water Quality:
Sulfate")
figure.show ()
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Factors Affecting Water Quality: Sulfate

ek S 83 50 3150 L] UL e g elodl By ;S0 5 oMl S e
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figure = px.histogram(data, x = "Conductivity",

color = "Potability",

title= "Factors Affecting Water Quality:
Conductivity")
figure.show ()

Factors Affecting Water Quality: Conductivity

S el Sl e oo sn elodl UL e gazes oball Lo gn w5 oMl JSI o
500 e 51 eIl o sll 5 ool ol g D g o oLl JSET 3
: I el g5 bses oY1 Lo il Bl

figure = px.histogram(data, x = "Organic carbon",

color = "Potability",

title= "Factors Affecting Water Quality: Organic
Carbon")
figure.show ()
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Factors Affecting Water Quality: Organic Carbon
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figure = px.histogram(data, x = "Trihalomethanes",

color = "Potability",

title= "Factors Affecting Water Quality:
Trihalomethanes")

figure.show ()

Factors Affecting Water Quality: Trihalomethanes

0 4 0 1 2

Trihalomethanes

» THMs .obll i sazes delall GTHM 51 laedl 336 55 ohel K1 fra
80 opo I e sos S eleal w1y slS0L Dadlaadl obadl J85 52 50 250 3150
UL e pore G U ol e 3 10 a6 0 Les o2l Zul THMs (e plntls

oyl ol 83 52 e S5 g
figure = px.histogram(data, x = "Turbidity",

color = "Potability",

title= "Factors Affecting Water Quality:
Turbidity")
figure.show ()
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Factors Affecting Water Quality: Turbidity

ball slgall e e el 8,8 oz oLl Gturbidity 8,51 w555 oSl e Jeas
ol Bl pl e 5 e 318,81 5 obadl s Ghaedl (355 g2 sl

0oL aéJ laAaiwl olioll 6392 §1ill 2 3g.0J
o D 5 glasdl OV ol 8392 e 355 ) Slpall pear LisSaul olel el
gl odg Python plisealy sbadl 5352 Jows daged JYI ol 23500 oy
S ( Jd opp Sl odin cndsnd U3 (S5 (I 15) . Python GPyCaret 4255 (:.ua..fu
pip oYl sl ol e & sy LS

e pip install pycaret 5
Slaty bad Sladl ez o BLEYI e 505 b Les ( JYI ol 23505 Cupls 3

:GDUQJ\iﬁjugﬁ‘}ﬂJﬁiLAY|%§5;l;}mg

correlation = data.corr ()
correlation["ph"].sort values (ascending=False)

ph 1.e00080
Hardness 9.108%48
Organic_carbon 8.828375
Trihalomethanes 9.018278
Potability 9.01453@
Conductivity 9.014128
Sulfate 9.018524
Chloramines -8.824768
Turbidity -9.035849
Solids -0.887615

Name: ph, dtype: floatéd

ada SLL) e paread Jua8Y a A (13 Lal g (6 8 me Sy S Lod 0
:Python PyCaret =5 plizels

from pycaret.classification import*

clf = setup(data, target = "Potability", silent = True, session_id =
786)

compare models ()
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[ Model Accuracy AUC Recall Prec. F1 Kappa MCC TT (Sec)
rf Random Forest Classifier 0.6830 0.7005 04197 06744 0.5133 0.2976 0.3182 0.724

qda Quadratic Discriminant Analysis 0.6823 0.7192 0.3985 0.6883 0.5013 0.2917 0.3174 0.022

et Extra Trees Classifier 0.6816 0.6941 0.3861 0.6858 0.4916 0.2863 0.3123 0.557
lightgbm Light Gradient Boosting Machine 0.6652 0.6916 04762 0.6078 0.5324 0.2781 0.2840 0.172
gbc Gradient Boosting Classifier 0.6602 06738 0.3718 06306 04667 0.2419 0.2603 0.339
nb Naive Bayes 0.6184 0.6078 0.2478 0.5545 0.3412 0.1261 0.1462 0.019
dt Decision Tree Classifier 0.6034 0.5895 0.5186 0.5049 0.5097 0.1775 0.1784 0.027
Ir Logistic Regression 0.5984 0.5199 0.0071 0.1900 0.0134 0.0028 0.0127 0.355
ridge Ridge Classifier 0.5984 0.0000 0.0089 0.1583 0.0168 0.0035 0.0056 0.021
Ida Linear Discriminant Analysis 0.5977 0.4903 0.0089 0.1500 0.0167 0.0021 0.0024 0.022
ada Ada Boost Classifier 0.5956 0.5671 0.2919 04896 0.3644 0.0972 0.1034 0.173
knn K Neighbors Classifier 0.5743 0.5423 03644 04642 04070 0.0826 0.0846 0.121
svm SVM - Linear Kernel 0.5194 0.0000 0.3982 0.1604 0.2287 -0.0014 -0.0104 0.027

o] M‘Y\ rrandom forrest(rf) &8 siall LN &)l 5 O el Loezel) Gis
0155 ey 3 gecdl sl b ges A olall 3 g Ll Laged Y1 ol 23 53

model = create model ("rf")

predict = predict model (model, data=data)

predict.head()

ph Hardness Solids Chloramines Sulfate Conductivity Organic_carbon Trihalomethanes Turbidity Potability Label Score

3 83167668 214373304 22018.417441 B8.059332 358.886136 363.2686518 18.438524 100.341674 4.628771 [+] 1] 087
4 0092223 181101508 17078986330 6.546600 310.135738 308 410813 11.558279 31997093 4075075 [+] o Lik=}]
5 5584087 1B8.313324 ZBT4B.GBTTIO T.544B69 326.678363 2B0.467916 B.389735 54917862 2.559708 ] 0 083
6 10.223862 248071735 28749.716544 T7.513408 393663306 2B3.651634 13.780695 84 603556 2672089 0 1] 089
T 8.635849 203.361523 13672.081764 4,563009 303.3097TT1 474 60TG45 12.363617 62.7968309 44010425 o 094

J&uJ?\MJV‘V.&J\@ﬂw\MQﬂJJA\ M;Aj.h.:o))\.&\n);.\.aﬂcl.ﬁ.“
Python ezl elall 55 -

uailoll
sloodl it JYI ) 3 505 oy 5 oloodl 83 5 oo Ly oy 31 8 ol a0
il Ol eI a8 el Ol sls e Jprasdl dd ool 261 2 2l
Sl Gt ol ot els o Jpmanell iy A0 Semy oo 0] e
Bt I el Vs o Lol LS ool 8352 o Julsall o dudadl 355 sl

._ﬂ\ el
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Insurance Prediction JII plcUl pladiwl ¢uolil g8gi (28
using Machine Learning

S0 o sl ds WL Llesdl e 340l 4 gos Juasw dis sa Insurance bl
o3l el e sk g5l 5 el (3 ST g LS I SLasdl bloee s il
Loy ) JL Gl IS8 o ot i) ok s 1 SIS0 e ol Sln
.%99)J2;§\¢>LudjdLﬂLyg;;ﬁ‘jéjﬂ¢ﬁ‘ki&ggg>-YrTO?Jﬂ‘qbliruLﬂzhid\QE;BL
e 3,80 O 13 Loy geel) JYI ol plan) LSy S 8 pmn 5 ST 13) U
o ol 5 g e albl G g Bliadl odin (3.3 Bl Wil edg Y pl sl
Python plasenl JYI (el

Il pleil o aolil gég]
el 58 IS ) ded il s » Insurance Prediction el 5l dags
et Sl s Al g Lkl pasd S s aibly 300 e DLy O gedbin
B0 10 Al bl o1, oy il adlont 2SI ol e sl A gloas

el 35 Wty 3 1 s By 2SI e Ml Golgenl e

el JYI el sl bl 35 dege UM DI Gpmn colsl il
oo by Ao sas o 3 (JYI el e el 32l deged 2l Python
Sl 23 905 oyl oo La Lrags .l sl 38,80 (Lol eSlandl J > Kaggle
N el 32 e ) Lo s (6 o 3 401 OISTIS] Loy 52l

uoU ladiwl gaolil 689

is gazeny Python ol sl Go b e JYI el plisenaly il 500l dags T
iy )l SLL)

UL e gares

import pandas as pd
data = pd.read csv("TravelInsurancePrediction.csv")
data.head ()

Unnamed: @ Age ... EverTravelledAbroad Travellnsurance

e e 31 ... No e
1 1 31 ... No (-]
2 2 34 ... No 1
3 3 28 ... Ne e
4 4 28 ... No e

[5 rows x 10 columns]


https://raw.githubusercontent.com/amankharwal/Website-data/master/TravelInsurancePrediction.csv
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t B! e alyls 10 ol SLLII &8 sazes dUnnamed _omal b 5 ol 0 5506 Y

data.drop (columns=["Unnamed: 0"], inplace=True)

SN ULl g5 do 5,58 o el L pall JEGYI jam e 8k a2k OYI Les
ZL@&AL}L£

data.isnull () .sum()

Age

Employment Type
GraduateOrNot
Annuallncome
FamilyMembers
ChronicDiseases
FrequentFlyer

EverTravelledAbroad

o 0 ©O 0 © © ©® O ©

Travellnsurance

dtype: int6d

data.info ()

<class 'pandas.core.frame.DataFrame'>
RangeIndex: 1987 entries, @ to 1986

Data columns (total 9 columns):

# Column Non-Null Count Dtype
e Age 1987 non-null int64
1 Employment Type 1987 non-null object
2  GraduateOrNot 1987 non-null object
3 Annuallncome 1987 non-null int6d
4 FamilyMembers 1987 non-null int64
5 ChronicDiseases 1987 non-null int64
[ FrequentFlyer 1987 non-null object
7  EverTravelledAbroad 1987 non-null object
8 Travellnsurance 1987 non-null inté4d

dtypes: int64(5), object(4)
memory usage: 139.8+ KB
STravellnsurance" s soe (383 52 90 a3 5 5 2 Olandl cods SULIN de gores
o0l 1 s el 20l e 0 o S 15 0 LT o s sandl in (63 g2 gl ol S 05
s purchased sl 2o J1 05 1 Jle (obLIl o Lo e Juail wgid o 2l
:not purchased &l i

data["TravellInsurance"] = data["TravelInsurance"].map({0: "Not
Purchased", 1: "Purchased"})

Lagﬁelfiyﬁﬂ\gﬁdmleﬁd agecolumnﬁ.’d\swysjlénw}g;)m%,ﬂ
:¢mptﬂ\

import plotly.express as px
data = data
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figure = px.histogram(data, x = "Age",
color = "TravelInsurance",

title= "Factors Affecting Purchase of Travel
Insurance: Age")
figure.show ()

Factors Affecting Purchase of Travel Insurance: Age

W Travellnsurance=Not Purchased
B Travellnsurance=Purchased

count

dad g Gle 34 yonll o iy pdll GoliesI (g iy O el (o codlel dalaseall Gis s
S S 65 0Vl ks el dad g Gle 28 Jg LoliedVI ol ,8 Jlast i sl
et dad g o1 ,5 e el fos £ 5

import plotly.express as px
data = data
figure = px.histogram(data, x = "Employment Type",
color = "TravelInsurance",
title= "Factors Affecting Purchase of Travel
Insurance: Employment Type")
figure.show ()

Factors Affecting Purchase of Travel Insurance: Employment Type

B Travelinsurance=Nct Purchased
W Travellnsurance=Purchased

count

Government Sector Private Sector/Self Employed

Employment Type
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bl 5T ol g Uaill Boalall olsed NI ) 0585 O ool ¢y coSlel Jabaseald G 5

fad el 5 e s Al g gl 501 S5 S s 5 oV ke el dad g ol gl
el
o

import plotly.express as px
data = data
figure = px.histogram(data, x = "AnnualIncome",
color = "TravellInsurance",
title= "Factors Affecting Purchase of Travel
Insurance: Income")
figure.show ()

Factors Affecting Purchase of Travel Insurance: Income

ST oa 1400000 8 45z (50 53 pied (2l SoliesYI 0l codlel Llaseold G
ot dad g el 2 is e
I ctravel insurance ,a.J! anis Ol min e Lgedseins A UL e pazes oz
el o A iy ST 05 3y T3 05 () otV 0 e sV
SLL oda e 5 5es IS BLaSTL L Sy 1 A k)l o oda audl (el 1 s O
OT13] Loy 5ald JVN ol 23 503 s S o kbl ool ol GOV g
N ol il s g i a5l
woll g1l g3g.0)
5l 300 st Aogs eVl ez O VST 05 1 L R gdll o e Jla
:cﬂwtﬂg
import plotly.express as px
data = data
figure = px.histogram(data, x = "AnnualIncome",
color = "TravelInsurance",
title= "Factors Affecting Purchase of Travel

Insurance: Income")
figure.show ()
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DA 8 iinal Ay )l 3 sl 3 godl oy p 50y UL s Les OV
from sklearn.model selection import train test split
from sklearn.tree import DecisionTreeClassifier
xtrain, xtest, ytrain, ytest = train test split(x, y, test size=0.10,
random_state=42)
model = DecisionTreeClassifier ()

model.fit (xtrain, ytrain)
predictions = model.predict (xtest)

8.8158954773869347

i lall o eda . JSLaadl e g sl Mg B e 25 780 (o 35 By 3 paldl amy
Python plswl el 3l Leged JYI (el 23 505 05 g Sy )
uailoll

et O gyl o oYl o 5 T o (I3 (o Sy (1 820l 2 0dn
i e 2 o (o ety 5 g ] IV ol 23 500 e (ool el
Es A e sl asd S U ol 3456 o Uy O ek el B3 JS
el 1 gy ) Aozt 2SN ot e i) Aoy el e
ey JYI ) plasialy ool 185 g J g Dl odin ol 13 085 O o
05
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Student Grades JUI pdcil plaalwl ol alaja gégi (29
Prediction using Machine Learning

sk ¥ oY B Sl o B pmee OOl e kel o Ll Sl
LSy - ooltadl GBIl oliky (1 wedll &5le JWl wdadl Sly55 G S pes o
Ol e lons (0 & gowyed) Koy e LIl oyt 5220l g JYI ] plasend
O g Al odn Blecd Ml Sl 2lassl 185 o5 Al ol s poll sl e
Python pliseealy JYI (el plasely Ol Sl yy 52201 doge o Sall]
Wl alaja 68g)

Lo a5 1 g I le ST Il ol ) J g gl Bl 8 g0 50 ST o2 sl
oo S L G oy DMl s Gl e ll U] (55key Y sl laalnd
o shamy o 0l Ol 3 5Y ol plazal s3] o2y o 131 €Y (pednodl yn ploaVl
Jelal) el e Logodl cl s Lablal o gllow Lo G305 4 il Sl

oo S5 o Ol sl 83 siey el LSy (JYI a5 plasl,
Ol Sl s 135 dotimy aisie wlryd 0585 O Wsredl e AUl VAl Bde L
Sl 5l dage I SIS G ol ) G JYI (] (Gl A e
Python el JYI el plasealy <3l

wel 88J plasiiul Llall wilaya 6895

LiSay a8 (55 OV Lo LIl ol 5ial) Lzl s OV agh 5 (3585 O ol
o dagedl oda Tl Python plasely OB @l 320l Zaged JYI ol plased
140y UL e gazen s Python ol sl oul 5,k

import numpy as np

import pandas as pd

from sklearn.linear model import LinearRegression

from sklearn.utils import shuffle

data = pd.read_csv ("student-mat.csv")

data.head()

g school sex age address famsize Pstatus Medu Fedu Mjob Fjob reason guardian
0 GP F 18 u GT3 A 4 4 at_home teacher course mother
1 GP F 17 U GT3 T 1 1 at_home other course father
2 GP F 15 u LE3 T 1 1 at_home other other mother
3 GP F 15 U GT3 T 4 2 health services home mother
4 GP F 16 U GT3 T 3 3 other other  home father


https://raw.githubusercontent.com/amankharwal/Website-data/master/student-mat.csv

205 alioll guybn e 1Dl ool

b Slilew] JI oMl Sl 3l deged Lgatsend ) SULIL e gores Lo
G2 Jrows « sV a2l Slays G oy codin UL o gazes B.8IGE 1 o ylkall
S (55 Leny UL e Les V1. 45Ledl byl G3 Jrens (ol 3 )l ol

r MRl A3l Syl 1 5 LiSeas
data = data[["Gl", "G2", "G3", "studytime", "failures", "absences"]]
predict = "G3"

x = np.array(data.drop([predict], 1))
y = np.array(data[predict])

from sklearn.model selection import train test split
xtrain, xtest, ytrain, ytest = train test split(x, y, test size=0.2)

Sl 23 505 oy Lo A1 25,001 sdas Yl dodoess Yol el s S

o 3 L) Bograll Ll 52 G35 500 O kel (5 LMl ol sy 32201 doged

T35 el iS55 0V s T80 fniy iy 20 iy 5Ll JI UL e gores
il Sl 32l dagad linear regression sl <!

linear regression = LinearRegression ()

linear regression.fit (xtrain, ytrain)

accuracy = linear regression.score(xtest, ytest)
print (accuracy)

©.8432876775479776

A bes oY1 dagall odn Gl o 25 784 s 885 asdl Jlou ¥ 23 e ae]
PO Sl 5l 3 900 Lgodd ) ol e 5k

predictions = linear regression.predict (xtest)
for i in range(len(predictions)) :
print (predictions([x], xtest[x], [ytest[x]])

[[16.16395534 14.23423176 14.88532841 5.28096434 14.23423176]
[16.16395534 16.16395534 14.08532841 5.28@96434 7.97291422]
[14.52779998 11.92149651 14.88532841 9.13993948 4.71694746]

[ 4.71694746 11.92149651 3.9451298  9.13993948 9.13993948]

[12.56424351 4.92497623 3.9451298  5.280896434 5.28096434]

[11.92149651 9.85247158 3.9451298  5.28096434 16.16395534]] [[[15 16 2 @ 2]
[1514 2 @ 2]

[15 14 3 @8 8]

[7 & 2 @ 18]

[1514 2 @ 2]]....

una Lol

OOl Sl 55 gl ol iVl 23505 s L iy 21 a5l oa o
UL e sames plisely 206 oL GkSay  Python plisewls JY1 oLl plasel,
s e ods UL e gazes J g Aol e glandl e sl EiSCas s o


https://archive.ics.uci.edu/ml/datasets/Student+Performance
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Flight Price JUI polcil plaaluly gl jlewl g8g5 (30
Prediction using Machine Learning

s oS (it Lo pliseialy Ol ) jlad 03 5 23 505 iy o g il ods
bl S by gd) DL ) s o

iy gllaodl ©leSall iy o35 conda &y sLASL o3

conda create -n fpp python=3.9

conda activate fpp

pip install flask flask cors pandas seaborn sklearn openpyxl
flask run

ol Lol §i duglinoll caliiAodl al il :1 6glaall
import pandas as pd
import seaborn as sns
import numpy as np
import matplotlib.pyplot as plt
import datetime as dt
from sklearn.model selection import train test split,
RandomizedSearchCVv
from sklearn.ensemble import RandomForestRegressor,
ExtraTreesRegressor
import pickle

g2l Ul 620y 12 8glnAll

train data = pd.read excel ('Flight Dataset/Data Train.xlsx')
train_data.head()

Airline Date_of_Journey Source Destination Route Dep_Time Arrival_Time Duration Total_Stops Additional_Info Price
0 IndiGo 24/03/2019 Banglore  New Delhi BLR — DEL 22:20 01:1022Mar  2h 50m non-stop Noinfo 3897
1 Air India 1/05/2019  Kolkata Banglore  CCU — IXR — BBI — BLR 05:50 13:15  7h25m 2 stops Noinfo 7662
2 Jet Airways 9/06/2019 Delhi Cochin DEL — LKO — BOM — COK 09:25 04:2510 Jun 19h 2 stops. Noinfo 13882
3 IndiGo 12/05/2019  Kolkata Banglore CCU — NAG — BLR 18:05 23:30  5h25m 1 stop Noinfo 6218
4 IndiGo 01/03/2019 Banglore  New Delni BLR — NAG — DEL 16:50 21:35  4h45m 1 stop Noinfo 13302

-dangliagoc (8 oudll o 82l :3 dgaAll

train data['Destination'].value_ counts()
e goe Gt o3 50U Ll 238" ) otV e iVl ol a0
Ly 2ol LI

Cochin 4537
Banglore 2871
Delhi 1265
New Delhi 932
Hyderabad 697
Kolkata 381

Name: Destination, dtype: inte4

.®Jagug @Ja@oa-3.56ghAll
def newd (x) :
if x=="'New Delhi':
return 'Delhi'
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else:
return x

train data['Destination'] = train data['Destination'].apply (newd)

Logrmedy Lo G gds 505 413 a Ligmms oMl L, LS @

W éunladl oy aill bl alogleo (o aail :4 6gihall
train data.info()
Loge JSU(NULL) 8,6 023 11 Ly liad ) Jlarls slenedl 0 (5 0 LSy @
STNULL (3 blan p i U0 0
<class 'pandas.core.frame.DataFrame'>

RangeIndex: 1©683 entries, @ to 18682
Data columns (total 11 columns):

# Column Non-Null Count Dtype
® Airline 10683 non-null object
1 Date_of_Journey 18683 non-null object
2 Source 10683 non-null object
3  Destination 10683 non-null object
4  Route 18682 non-null object
5 Dep_Time 10683 non-null object
6 Arrival_Time 18683 non-null object
7 Duration 10683 non-null object
8 Total_Stops 10682 non-null object
9 Additional_Info 18683 non-null object
1@ Price 10683 non-null inté4

dtypes: int64(1), object(1e)
memory usage: 918.2+ KB

.Datetime 62.0cl youiig ogul 620cl Jca :5 6giaall
train data['Journey day'] =
pd.to _datetime (train data['Date of Journey'], format='%d/%m/%Y').dt.day
train data['Journey month'] =
pd.to _datetime (train data['Date of Journey'], format='%d/$m/%$Y') .dt.mon
th

train_data.drop('Date_of Journey',inplace=True,axis=1)
train_data.head()
Logd (50 Jony 5855 Ao ) )6 oo A gt 8ol o ) el o o
| o5 5o WS
Journey column &>l 5,6 5 yoe blauk o5t o5 @

Airline  Source Destination Route Dep_Time Arrival_Time Duration Total_Stops Additional_info Price Journey_day Journey_month

IndiGo  Banglore Deini BLR—DEL 2220 01:022Mar 2n50m  non-stop Noinfo 3897 2 3
Airindia  Kolkata Banglore CCU — IXR —~ B%‘:R 05:50 1315 7h25m 2 stops Noinfo 7662 1 5
ArweEt Deini Cohin DL~ LKO'= BOM 09:25 04:2510 Jun 19h 2 stops Noinfo 13882 9 ]

iways —.cok

IndiGo  Kolkata  Banglore GCU — NAG — BLR 18:08 23:30  5h25m 1stop Noinfo 6218 2 5

IndiGo Banglore Delhi BLR — NAG — DEL 16:50 21:35  4h45m 1 stop Noinfo 13302 1 3
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.cxdgll o @ilalg caleludl ya ATl 6 SgihAll

train data['Dep hour'] =

pd.to datetime(train data['Dep Time']) .dt.hour
train data['Dep min'] =

pd.to _datetime (train data['Dep Time']).dt.minute
train data.drop('Dep Time',axis=1,inplace=True)

train data['Arrival hour'] =

pd.to _datetime (train data['Arrival Time']) .dt.hour
train_data['Arrival min'] =

pd.to datetime (train data['Arrival Time']) .dt.minute
train data.drop('Arrival Time',6 axis=1,inplace=True)

train data.head()

Airline  Source Destination Route Duration Total_Stops Additional_Info Price Journey day Journey_month Dep_hour Dep_min Arrival_hour Arrival

BLR
0 IndiGo Banglore Delhi —  2h 50m non-stop Noinfo 3897 24 3 22 20 1
DEL
ccu
Air xR
| Kolkata Banglore —  7h25m 2 stops Noinfo 7662 1 5 5 50 13
india
BBI
BLR
DEL
Jet LKO

Alrways Delhi Cochin

- 19h 2 stops Noinfo 13882 9 6 9 25 4
BOM
COAK~
ccu
3 IndiGo Kolkata Banglore NAE 5h 25m 1stop Noinfo 6218 12 5 18 5 23
BLR
BLR
4 IndiGo Banglore Delhi NAE 4h 45m 1 stop Noinfo 13302 1 3 16 50 21

DEL

SEEN|RC PR SHEN I FPR SHEN W et el S0 sa LS e
.departure time

-arrival time Jpo gl @35 @ oLl 0w o L2 iy @

0 5enl) S Bl p s 2l dns @

.62.0J1 190 8 udll g0 8l :7 bghAll

train data['Duration'].value counts ()
.%jQJ\CD)M{)\QDbﬁ‘jAeiA [ ]
JJS:AJ 235 50 pbelu Lgus >, 550 o

2h 5@m 558
1h 3@m 386
2h 55m 337
2h 45m 337
2h 35m 329
4h 1em 1
41h 2@m 1
31h 3em 1
2%h 3em 1
38h 1em 1

Name: Duration, Length: 368, dtype: inté4
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.ado domoll cilogle ol glyaivlg Duration agoc hléuwl :8 6gihAll

duration = list(train data['Duration'])

for i in range(len(duration)):

if len(duration[i].split()) != 2:
if 'h' in duration[i]:
duration([i] = durationfi] + ' Om'
else:
duration[i] = 'Oh ' + duration([i]
duration hour = []
duration min = []

for i in duration:
h,m = i.split ()
duration hour.append(int (h[:-1]))
duration min.append(int (m[:-1]))

train data['Duration hours'] = duration hour
train data['Duration mins'] = duration min

train data.drop('Duration',axis=1,inplace=True)
train data.head()

DB 83 g sl Sl e £036 £L23] Wl o

Lot Al Bl 088 26 ol iy 3725 JS )Lanly Jaih o555 183 ol o
B o855 25" 30 o 0" Ll o LeeSlo 1) cJais £235 30 a1 525 055
U5 0 e 2"l e LesSen 10 pleles e Y- Lol

Aadag dele (058 M ey dblas 0511613, @

""Duration mins' s "Duration hours" :ps e i3l :119-18 ;udl o

- oY " Duration’ 508 blanl 3:21 i e

dnation Route Total_Stops Additional_Info Price Journey_day Journey_month Dep_hour Dep_min Arrival_hour Arrival_min Duration_hours Duration_mins

BLR
w Delhi — non-stop Noinfo 3897 24 3 22 20 1 10 2 50
DEL

ccu
IXR
anglore — 2 stops. Noinfo 7662 1 5 5 50 13 15 7 25
BBI
BLR
DEL
LKO

Cochin 2 stops Noinfo 13882 9 6 9 25 4 25 19 0

BOM
COK
ccu

anglore  NAG 1 stop Noinfo 6218 12 5 18 5 23 30 5 25

wDelhi  NAG 1 stop Noinfo 13302 1 3 16 50 21 35 4 45
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Price

el Pléo gludall 64 il hinA ol ouw :9 gl
sns.catplot (x="'Airline',y="'Price',data=train data.sort values('Price',
ascending=False), kind='boxen', aspect=3,height=6)

bkl Jel o Jet Airways Jlesl of oo of bisloy obsl Labasedl (o o
L gl

Jet Airways Business et Airmays Muttiple carriers Tujet

- ! H $ ¢

ol 84 b agoc 40 Guodg 6oLl cLivl mé :10 dghaAll
airline = train data[['Airline']]
airline = pd.get dummies (airline,drop first=True)

dummy Lesys shes TlAb psked (s £ 350 e 55Le Alrline NIk e

.«» columns

Jewdl Pléo janedloaw) 11 6ghaall
# If we are going from Banglore the prices are slightly higher as
compared to other cities
sns.catplot (x="'Source',y='Price',data=train data.sort values('Price',a
scending=False), kind='boxen', aspect=3,height=4)

G Ol e ol ard iy o ilas ciSTI3] w0l obsl labaseall sy @
Ul e s ST > 4 Sle oy

80000 .
.
40000
1 H
30000 . H
. . . .
20000 H H
%.&.5%4#4—%&
Ll
a)ﬂlwuﬂnunms Jet Airways Multipie casmiers Air India Spicejet Goaur . InAiGa. ps Prer Asia ‘economy Tupet
.Janollagoc 4o drodg 8oLl Ll s :12 6gaall
source = train data[['Source']]

source = pd.get dummies (source,drop first=True)
source.head()
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.MW}SMTC‘J}}:'€)L#&~” ‘éﬂéﬂjﬁ)wu)iﬁ\jﬁ .

Source_Chennai Source_Delhi Source_Kolkata Source_Mumbai

0 0 0 0 0
1 0 o] 1 0
2 0 il 0 0
3 0 0 1 0
4 0 0 0 0

el piléo dangll hinAo ouuy 113 6glaall
# If we are going to New Delhi the prices are slightly higher as
compared to other cities
sns.catplot (x='Destination',y='Price',data=train data.sort values('Pri
ce',ascending=False),kind="boxen',aspect=3,height=4)

G O e il an (gl s JI Gals coSTI3] a obal abseall sy @
el n on ST g5 ke

80000 .
70000
L]
60000
’
50000 M
L]
g 40000
&
30000 ¢
20000 L}
0 T v T
Delhi Cochin Banglore Hyderabad Kolkata

Destination

.6@agll agoc o drodg 620l cLitil s :14 6ghall

destination = train data[['Destination']]
destination = pd.get dummies (destination,drop first=True)
destination.head()

mszwic\f}apimndlﬂ (S5 5508 Lia_junl@:-jﬂgw\;b .

Destination_Cochin Destination_Delhi Destination_Hyderabad Destination_Kolkata

0 0 1 0 0
1 0 0 0 0
2 1 0 0 0
3 0 0 0 0
4 0 1 0 0

ey Ugé yoll jué 6aocl léwl :15 bglnll

train data.drop(['Route', 'Additional Info'],inplace=True, axis=1)

.oladgil Jloal 1g.oL b audll go il :16 sginAll

train data['Total Stops'].value counts/()
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1 stop 5625
non-stop 3491
2 stops 1528
3 stops 45
4 stops 1

Name: Total_Stops, dtype: inté4

.Total stopsago.c (,9 roldjl JI loawitl Jygai:17 6glasll
# acc to the data, price is directly prop to the no. of stops
train data['Total Stops'].replace({'non-stop':0,'l stop':1,'2
stops':2,'3 stops':3,'4 stops':4},inplace=True)
train data.head()

Airline  Source Destination Total_Stops Price Journey_day Journey_month Dep_hour Dep_min Arrival_hour Arrival_min Duration_hours Duration_m

0 IndiGo Banglore  New Delhi 0 3897 24 3 22 20 1 10 2
Al kolkata  Banglore 2 7662 1 5 5 50 13 15 7

India

Jet
Delhi Cochin 2 13882 ] 6 9 25 4 25 19

Airways
3 IndiGo Kolkata  Banglore 1 6218 12 5 18 5 23 30 5

4 IndiGo Banglore  New Delhi 13302 1 3 16 50 21 35 4

W dunlal ey g0l bl el jlal ALl oo a1l :18 dginall

print (airline.shape)
print (source.shape)
print (destination.shape)
print (train_data.shape)

bod Lol oo Lo B siall ske s e e da) V1 SUL S JS (s 500 @
BORPINE N SOV PR

18682, 11)
18682, 4)
18682, 5)

(
(
(
(10682, 13)

.8y Il bl lgal JA goal 119 8ghAll

data_train = pd.concat([train data,airline,source,destination],axis=1)
data_train.drop(['Airline', 'Source', 'Destination'],axis=1,inplace=True
)

data_train.head()
Ay W S S a2l @
igylls Source haoly Airline &l byhsdl sdeel bliul o3 e

.Destination
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Airline_Vistara

Total_Stops Price Journey_day Journey_month Dep_hour Dep_min Arrival_hour Arrival_min Duration_hours Duration_mins ... Premium Source_
economy
0 0 3897 24 3 22 20 1 10 7l 50 ... [}
1 2 7662 1 5 5 50 13 15 7 25 . o
2 2 13882 8 6 ] 25 4 25 19 0 ]
3 1 6218 12 5 18 5 23 30 5 25 . o
4 1 13302 1 3 16 50 21 35 4 45 . o

5 rows x 30 columns

.y 2l bl A1 :20 gl

X = data_train.drop('Price',axis=1)
X.head ()

.y Jaill bl wlowi A4 :21 6glnall
y = data train['Price']
y.head ()

3897
7662
13882
6218
13382

]
1
2
3
4
Name: Price, dtype: inte4

Baoc il g alall Ul o Ganill :22 6ghnAll

plt.figure(figsize=(10,10))
sns.heatmap (train data.corr(),cmap='viridis',annot=True)

il S ksl Sland) o LS, o Gaedl 3 s @

4l ya5 Duration hours - Gty bols,) L, Total stops of g5 o LiSes @
s Gl s ool g se st 13 el

(ol 2l 5l Dl 36Y i bl Jlarl Gy Bloyl ) by Lo o
el 8305 0l e Mg 0801 oy 828 28 Ll by 23 06

10
Total_Stops - ) £.0095 0054
Price
08
Journey_day 8
Journey_month i
Dep_hour JRIE
04
Dep_min 18
Asrival_hour
02
Arrival_min
o]
Duration_hours .,

Duration_mins

tal_Stops
Dep_hour
Dep_min
Asrival_hour

Arrival_min -

Duration_mins -

z
3,
>
\ oy
£
5
2

Journey_month
Duration_hours
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.ol yeun §uiil) ExtraTreesR egressor g 3goJ Ugl iy 23 8ginall
reg = ExtraTreesRegressor ()
reg.fit (X,vy)

print (reg.feature importances )

el Lol M5 ExtraTreeR egressor dLsbly ENlses o

[1.86724905e-01 1.45097438e-81 5.97393938e-02 2.29072716e-62
2.14236783e-92 2.72528146e-02 1.95937136e-02 1.65708966e-01
1.83608184e-92 1.04019292e-02 1.77576767e-03 1.32195548e-02
1.47739235e-01 6.586023762-02 1.88771000e-02 9.89160674e-04
3.74142540e-03 2.583266608e-05 5.38193768e-03 3.83297614e-05
8.57103668e2-04 1.89368849¢-02 4.13799449e-03 1.2902815%9e-02
9.47279541e-03 1.99945794e-082 1.18121866e-02 1.02613024e-03]

ExtraTreeR egressor Laioad Ul 6 jroll duoal (o §aail :24 gl
Lol oMol Ly a8l 4t 35 o) &anVI 3 350001 2 Total stops
Sl el Aol L_é\;:f\jy Cé.jjourney Day >l g5 nls ¢d_U5 o e
£ &g oMae Gele ISy el

Airline_Vistara
Destination_Cochin
Airline_Air India
Source_Delhi
Destination_Hyderabad
Source_Mumbai
Airline_IndiGo
Duration_mins
Airline_Multiple carriers
Agrival_min
Destination_Delhi
Dep_min

Dep_hour

Arrival_hour
Journey_month
Airline_Jet Airways Business
Journey_day

Airline_Jet Airways

Duration_hours

tal_Stops
0.000 0025 0050 0075 0100 0125 0150 0175

JWislg Ly i bl JI WGy rouwwd’ :25 égihall
X train, X test, y train, y test = train test split(X, y, test size =
0.2, random_state = 42)
ol pen il édigaire)l ULeD Jlanill gaged Ly :26 gl
# Number of trees in random forest

n_estimators = [int(x) for x in np.linspace(start = 100, stop = 1200,
num = 12)]

# Number of features to consider at every split
max_features = ['auto', 'sqrt']

# Maximum number of levels in tree
max depth = [int(x) for x in np.linspace (5, 30, num = 6)]
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# Minimum number of samples required to split a node
min samples split = [2, 5, 10, 15, 100]

# Minimum number of samples required at each leaf node
min samples leaf = [1, 2, 5, 10]

random grid = {'n_estimators': n_estimators,
'max_features': max features,
'max_depth': max depth,
'min_samples_split': min_samples_split,
'min_samples_leaf': min_samples_leaf}

# Random search of parameters, using 5 fold cross validation, search
across 100 different combinations
rf random = RandomizedSearchCV (estimator = RandomForestRegressor(),
param distributions = random grid,

scoring='neg mean squared error',
n_iter = 10, cv = 5,

verbose=1, random state=42, n jobs = 1)
rf random.fit (X train,y train)

S5 ole el O 2 sl RandomizedSearchCV pdses L (o5 @
L JoadV o Lol (55 lse
[ ]

Lo ,2s 45 ol RandomForestRegressor lalas o el ua

¢l plaaiwl lade lban Ul aloleoll JAsl (o §anil 27 éghAll
.Jlgaircll

rf_random.best params_

{'n_estimators': 7ee,
'min_samples_split': 15,
'min_samples_leaf': 1,
'max_features': 'auto’,
'max_depth': 20}

lguiil 240 :28 gl

# Flight Price Prediction
prediction = rf random.predict (X test)

.aub o]l rousll alainA o rouu :29 6glnall

plt.figure(figsize = (8,8))
sns.distplot (y test-prediction)
plt.show ()

oo 12 L3 505 O s Lae 0 o Bl o)l plams 0 (g ST LSy LS o

{ -
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2lgudl Pléoy testrouw ) :30 6ghhall
plt.figure(figsize = (8,8))
plt.scatter(y test, prediction, alpha = 0.5)
plt.xlabel ("y test")
plt.ylabel ("y pred")

plt.show()
Aol il e ol ) Lalass ALy @
Lts (ot 0585 O Gy LI Ul e @
40000
30000 °
...
. 20000
10000
2 [ 10000 20000 30000 40000 50000
y_test
uuuléolldcln :31 6ghall
print ('r2 score: ', metrics.r2 score(y_test,y pred))

r2 score: ©.8114033815110862

23904l A81 :32 ghAall
file = open('flight rf.pkl', 'wb')
pickle.dump (rf random, file)
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Weight Category JUI plcil pladiwly gjoll dis &8gi (31
prediction using Machine Learning

B la iardls 0550l Sl ans pasetd 0350 &y 5030 o s cp sl Dle GV

.Random Forest 4.}, s>

. w L o 3 .
uJgJlais g5gJag4
import numpy as np
import pandas as pd
import seaborn as sns
import matplotlib.pyplot as plt
from sklearn.preprocessing import StandardScaler
from sklearn.ensemble import RandomForestClassifier
from sklearn.model selection import GridSearchCV, train test split
from sklearn.metrics import
classification report,confusion matrix,accuracy score

data = pd.read csv('500 Person Gender Height Weight Index.csv')
print (data.describe ())

def give names to indices(ind):

if ind==0:

return 'Extremely Weak'
elif ind==1:

return 'Weak'
elif ind==2:

return 'Normal'
elif ind==3:

return 'OverWeight'
elif ind==4:

return 'Obesity'
elif ind==5:

return 'Extremely Obese'

data['Index'] = data['Index'].apply(give names to indices)

sns.lmplot ('Height', 'Weight',data, hue="'Index"', size=7,aspect=1,fit reg=
False)

people = data['Gender'].value_ counts()
categories = data['Index'].value counts()

# STATS FOR MEN
data[data['Gender']=="'Male'] ['Index'].value counts ()

# STATS FOR WOMEN
data[data['Gender']=='Female'] ['Index'].value counts()

data2 = pd.get dummies(datal['Gender'])
data.drop ('Gender',axis=1, inplace=True)
data = pd.concat ([data,data2],axis=1)

y=data['Index']
data =data.drop(['Index'],axis=1)

scaler = StandardScaler ()
data = scaler.fit transform(data)
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data=pd.DataFrame (data)

X train, X test, y train, y test = train test split(data, vy,
test size=0.3, random state=101)

param grid = {'n estimators':[100,200,300,400,500,600,700,800,1000]}
grid_cv =

GridSearchCV (RandomForestClassifier (random state=101),param grid,verbo
se=3)

grid cv.fit (X train,y train)
print (grid cv.best params )

# weight category prediction
pred = grid cv.predict (X test)

print (classification report(y test,pred))

print ('\n")

print (confusion matrix(y test,pred))

print ('\n")

print ('Acuuracy is --> ',accuracy score(y test,pred)*100)
print ('\n")

def lp(details):
gender = details[0]
height = details[1]
weight = details[2]
if gender=='Male':

details=np.array([[np.float (height),np.float (weight),0.0,1.011)
elif gender=='Female':

details=np.array([[np.float (height),np.float (weight),1.0,0.011)

y_pred = grid cv.predict (scaler.transform(details))
return (y pred[0])

#Live predictor
your details = ['Male',175,80]
print (1p(your details))

Alaodl LSl sl nl (81l e
JCTWERCRST) JR I

Gender Height Weight Index

0 Male 174 96 4
1 Male 189 87 2
2 Female 185 110 4
3 Female 195 104 3
4 Male 149 61 3

Lobls Caos i11 Jlaudl e
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Height Weight Index

count 500.000000 500.000000 500.000000
mean 169.944000 106.000000 3.748000
std 16.375261  32.382607 1.355053
min 140.000000  50.000000 0.000000
25% 156.000000 80.000000 3.000000
50% 170.500000 106.000000 4.000000
75% 184.000000 136.000000 5.000000

max 199.000000 160.000000 5.000000
b 0 L el 3 gond Bsaall o) o) Al ¢ 25112513
CJ‘J.::.’C: 9‘J.>-:_y A1) o L;:..Ja.';.' V—; 28;‘4—»"

Gender Height Weight Index
0 Male 174 96 Obesity
1 Male 189 87 Normal
2 Female 185 110 Obesity
3 Female 195 104 OverWeight
4 Male 149 61 OverWeight

e oo 055l 2R Gy Lagisls 035l blas Jskll ey 130 el
MoVl dalades J g 0 LSy 1 fas Lalases 5 s a1 sns.Implot

160

140

Index

o Ovesty
Normal

o Overileight

o Extremely Obese

o Weak

o Extremely Weak

140 150 160 170 180 190 200
Height

Gender ol 3504 value counts o)l shiel Jou Lyes 132
.column
Female 255

Male 245
Name: Gender, dtype: inté4
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Index column  ,4&)l 5 5os value counts pd sds Joo Les :34 Jlal

Extremely Obese 198

Obesity 138
Normal 69
OverWeight 68
Weak 22
Extremely Weak 13

Name: Index, dtype: inté4

) G 0351 8 qi 5 Mow Les 14036 el

Extremely Obese 105

Obesity 59
Overlleight 32
Normal 28
Weak 15
Extremely Weak 6

Name: Index, dtype: inte4

Vo gdpedl ely @l (UL BLasinl o e Lo Y1 14442 ol
dummy deay ol ke pbio S L gl Oladl Lad gl sllae] LiSlas
A eads L;l,;\ﬂ oozl 3 gae Bl o gt o5 ¢ uiad) 5508 0 variables

Female Male

0
0
1
1
0

1
1
0
0
1

Lol) e AN UL ] s e gl g il

Height Weight Index Female Male
0 174 96 Obesity 0 1
1 189 87 Normal 0 1
2 185 110 Obesity 1 0
3 195 104 OverWeight 1 0
4 149 61 OverWeight 0 1

e ga im0 cby ol gl s see 0550 1y ULy #1231 146 o

@AY ) Ldpod & Ly o

NAES S NPT ISR PCRE QERHIES E%Y S

Height Weight Female Male

0 174 96 0 1
1 189 87 0 1
2 185 110 1 0
3 195 104 1 0
4 149 61 0 1

220
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OU re gy o555 Standard Scaler wld wbie (o e 15149 Skl e
JMe deluws range Sl [ scale uldall it oo o3 JS7 LY LbLy
o s QA del s Lrd sal 883 3L

0 1 2 3

0.247939 -0.309117 -1.020204 1.020204

1.164872 -0.587322 -1.020204 1.020204

0.920357 0.123647 0.980196 -0.980196

1.5631645 -0.061823 0.980186 -0.980196

AW N 2 o

-1.280283 -1.391027 -1.020204 1.020204

e 7305 170 s Sl oyl Jol,2Y bl s Les 153 Sl e
sl

@l 0 D31 pall BN 350 e O] dblay LS 0115655 ;L_.J\ .
LU 3 505 s L:Sas «Grid Search CV plisly SNy cpydiadl e )
LW Random Forest e 83dace n_estimators o3 e Ly ol &3l o]l
200 ) 05w £3115 001 3100 S'n- estimators L o 5o L;fﬁ\ L5 gnl|
T A3 el sk sl n_esti;nator El3 e Gl Lislay 1Sy
(Slpte ble 550 Jadl Bl Grid cv

0 By 52l 350 e by Bl Gyl DBk S5 058 el e

oledaal Jmi&f Lyes:60 bl o

{'n_estimators': 200}

DLV ULy e 0hs)) &8 ol5s Jamo Uses 162 Sl @
S5,V & 5220y classification report caiwadl 5,45 C.IQ.J :70-65 LI e

Oy gl CS so:d accuracy score &1 d>,3 5 confusion matrix

precision  recall fl-score support
Extremely Obese 9.91 8.97 8.34 63
Extremely Weak 1.0 1.80 1.e0 1
Normal 8.92 8.96 8.94 23
Obesity 2.78 e.82 8.79 38
Overkeight 9.92 @.58 8.71 19
Weak .83 e.83 9.83 6
accuracy .87 158
macro avg 9.89 8.86 8.87 158
weighted avg .38 8.87 .87 158
[[61 @ & 2 e @]
[e 1 e e e @]
[e 822 & @ 1]
[6 8 231 1 8]
[e @ 1 711 8]
[e @ 1 & e 5]]

Acuuracy is --» 87.33333333333333
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3 glasddl ! 5l Dol Ldlaedl Slbos ez (635 U15 183272 ol @
Al

'your details’ &sias li) g s Lo Lalall 32l 18987 Sl e
03 m o3 1058 ALy LY e Gy ¢ ol g5 IV il 055 ey
5l 5 Aol Dl lnadd oMT DINI )

Overheight



8 DI el plaAlwl J jiodl 6uy py gl

House Tax JUI polcil pladiwl Jjioll duydy guiil (32
Prediction using Machine Learning

Lol ptall B Eapl i il Jpall dupd @35 ddin s Wl eda 3
ACaal o o a5 (38 g ) OICLYT UL pL5<ins . Random Forest

.duglinoll o jal aliaul : 1 6giaall
import numpy as np
import pandas as pd
import seaborn as sns
import matplotlib.pyplot as plt
from sklearn.model selection import train test split
from sklearn.metrics import r2 score

$matplotlib inline
Wby 62138 :2 6ghAll

data = pd.read csv('HousingData.csv')

data.head()

CRIM ZN INDUS CHAS NOX RM AGE DIS RAD TAX PTRATIO B LSTAT MEDV
0 0.00632 18.0 231 0.0 0.538 6.575 652 4.0900 1 296 15.3 396.90 498 24.0
1 002731 00 7.07 0.0 0469 6.421 789 4.9671 2 242 17.8 39690 914 216
2 002729 00 7.07 0.0 0469 7.185 611 4.9671 2 242 17.8 39283 403 347
3 003237 00 218 0.0 0458 6.998 458 6.0622 3 222 18.7 39463 294 334
4 006905 00 218 0.0 0458 7.147 542 6.0622 3 222 187 39690 NaN  36.2

b @ing :3 6glaall
data.describe ()

CRIM N INDUS CHAS NOX RM AGE Dis RAD TAX  PTRATIO B
count 486.000000 486.000000 485.000000 486.000000 506.000000 506.000000 486.000000 506.000000 506.000000 506.000000 506.000000 506.000000 486.(

mean 3.611874 11.211934  11.083982 0.068958 0.554695 6.284634  68.518518 3.785043 9.549407 408.237154 18455534 356.674032 12
std 8720192 23388876  6.835896 0255340  0.115878 0702617 27.999513 2105710 8707259 168.537116  2.164946 91.294864 7.
min 0.006320 0.000000 0.460000 0.000000 0.385000 3.561000 2.900000 1.129600 1.000000 187.000000  12.600000 0.320000 1.

25% 0.081900 0.000000 5.190000 0.000000 0.448000 5.885500 45.175000 2100175 4.000000 279.000000 17.400000 375.377500 7.
50% 0.253715 0.000000 9.690000 0.000000 0.538000 6.208500  76.800000 3.207450 5.000000 330.000000 19.050000 391.440000 11
5% 3.560262 12.500000  18.100000 0.000000 0.624000 6.623500  93.975000 5.188425 24.000000 666.000000 20.200000 396.225000 16
max  88.976200 100.000000 27.740000 1.000000 0.871000 8.780000 100.000000 12.126500 24.000000 711.000000 22.000000 396.900000 37.

.LWibly wilogleo 40 G817 :4 dghall

data.info ()
J&é}b&@iﬁw‘506(ﬁ5&9éﬁyswi14Jo-ﬁcoL>TL§jL¢§ .
AU ) an
s oy 3508 IS Jrnd BIUI ll 0dn s o J] i ol ig @
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<class 'pandas.core.frame.DataFrame'>
RangeIndex: 566 entries, @ to 585
Data columns (total 14 columns):

# Column Non-Null Count Dtype

2] CRIM 486 non-null float6e4
1 ZN 486 non-null floatée4
2 INDUS 486 non-null float6ed
3 CHAS 486 non-null floatéd
4 NOX 586 non-null floatéd
5 RM 586 non-null float64
6 AGE 486 non-null floaté4
7 DIs 586 non-null float64
8 RAD 586 non-null inte4

9 TAX 506 non-null inte64

1@ PTRATIO 586 non-null float6ed
11 B 586 non-null floatéd
12 LSTAT 486 non-null floaté4d
13 MEDV 586 non-null float64

dtypes: float64(12), int64(2)
memory usage: 55.5 KB

224

LAl ousll 6 15 6giaall

col = ['CRIM','ZN','INDUS', '"CHAS', 'AGE', "LSTAT'"]
for ¢ in col:
datalc].fillna(datalc].mean(),inplace=True)

3 gonll 1n Lo sy 225Ul  sioell = oy Al p 55 Ln
GBI & gazes el Lia o1 2) &y LY Minplace = True" Uyles 43l

.%Awﬁy\

LUl cilogleo oo G40 8 10 §817 oDl :6 5glnAall

data.info ()

Ayl 8 03 506 e Y (6 5o eV az O wolisl (55 0 Loy @
VBV ) L] ble o bl dinal dadlaadl G doges 353 o
LS o) Jas sy Lo Ul Lo o 2l 231 ) omy Lt 5l 22,0 o

<class 'pandas.core.frame.DataFrame'>
RangeIndex: 586 entries, @ to 565
Data columns (total 14 columns):

# Column Non-Null Count Dtype

2] CRIM 586 non-null floaté4d
1 ZN 5806 non-null float64
2 INDUS 586 non-null float64d
3 CHAS 586 non-null floaté4d
4 NOX 5806 non-null float64
5 RM 586 non-null float64d
6 AGE 586 non-null floaté4d
7 DIS 586 non-null float64
8 RAD 506 non-null inte4

9 TAX 586 non-null inte4

1@ PTRATIO 506 non-null float64
11 B 5086 non-null floate4d
12 LSTAT 586 non-null float64d
13 MEDV 586 non-null float64

dtypes: float64(12), inté4(2)
memory usage: 55.5 KB

Aol o dlibes
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Al Gljreu "TAX" @amiutell Jéall Kl l o 845 :7 6ginAll
data.corr () ['TAX'].sort values (ascending=False)
SJAJSY‘CfITF}&)C‘}kJ tgljuJJﬁlmmJ‘q}mxﬂ.LLJ)\¢p Laas Gaseh L s e
.L;J.;\ﬂ
dopall a3 Ol o U RAD" spee oo BLo)l ol W 0 55 0 bisSlay @
RAD &0 po G3,b s

TAX 1.000000
RAD 0.910228
INDUS 9.731055
NOX ©.668023
CRIM ©.580595
LSTAT ©.536110
AGE 0.509114
PTRATIO ©.460853
CHAS -9.832304
RM -9.292048
ZN -9.312371
B -9.441808
MEDV -0.468536
DIs -9.534432

Name: TAX, dtype: floaté4
b déuitell dalleodl :8 6ghAll
from sklearn.preprocessing import StandardScaler

X
Yy

data.drop ('TAX',axis=1)
data['TAX']

scaler = StandardScaler ()
X = scaler.fit transform(X)

X train, X test, y train, y test = train test split(X, vy,
test size=0.3, random state=42)

WSl et [ Sl sl sVl o [ Wl5e s XeliSh pss @
b by ol s e sagysliib s e
o8 Slest JS7),4~Y Standard Scaler plisenaly X ULy S mw s p s @
[1-0] oLl
e oLV sl SBL B 30270 J) By ety Bbloy o3 03
-train-test-split plswuly J sl
Ly ol duy pAll 8l 23g.od iy yad :9 gnall

from sklearn.ensemble import RandomForestRegressor
from sklearn.model selection import GridSearchCV

rfc = RandomForestRegressor ()
params = {'n estimators':[100,200,300,400,500,600,700,800,900,1000]}

grid model = GridSearchCV(rfc, params,verbose=2)
grid model.fit (X _train,y train)

pred = grid model.predict (X test)

print ('Random Forest accuracy is --> ',r2 score(y test,pred)*100)
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AL Lol oL i Random Forest Regressor U -1 4zl o

el lanaz S35 iy Josls g ooty Jasdl Sl Cadl e a2) 0
Random Forest ;s J8 12 &3

Ldeod dod Jail e L2al Grid Search CV pasend La ;oo

.Random Forest - 4oJl 'n estimator”

Random Forest accuracy is --> 97.94199488798098

JHodl (il Ay Gl @ agodd cilodeoll JiAsi o ganil :10 6glaall
grid model.best params
05w N estimator J 4o J.a.e\ ol S tle g «Grid Search CV (:pr‘cmp .
.700

{'n_estimators': 7e8}

.l 28l héd :11 6ghall
res = pd.DataFrame ()
res['Y Test'] = y test
res['PRED'] = pred

res.head ()
050 Ol Loy LB ga Lo (g5 o a5 555 2es @
Y_Test PRED

173 296 369.225714
274 254 255.244286
491 711 680.581429
72 305 302.314286

452 666 666.000000

-JHodl 6y pAy §uiill 23U roww 112 6ginAll
sns.scatterplot (y test,pred)

plt.xlabel ('real values')
plt.ylabel ('predicted values')
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Face Recognition (JUI el pladiwl ogagll Lo &yl (33
using Machine Learning

La3yl ) KNN pliseeals o gl e Gl 1] Lislay S (6 o <p sl Ui JEU
Bl i i ~ Haar cascades .Haar cascadesy (K-Nearest Neighbours
S ol s s Aalie o oS05 (MTCNN f0) gl BLESY (6,591 Gl
MTCNNGs o LS Y5V Y540 Lty lis dis

sl Wlie By S (6
e s BLS| s JY1 e
KNN el sl S350l Go g ol e Gpxll 5o SWl o

:2Jaaa9g astal agAll

import cv2

import numpy as np
import os

import pickle

face data = []
i=0
cam = cv2.VideoCapture (0)

facec =
cv2.CascadeClassifier('data/haarcascadeifrontalfaceidefault.xml')

name = input ('Enter your name --> ')
ret = True

# Face Recognition using KNN
while (ret) :
ret, frame = cam.read()
if ret == True:
gray = cv2.cvtColor (frame, cv2.COLOR BGR2GRAY)

face coordinates = facec.detectMultiScale(gray, 1.3, 4)

for (x, y, w, h) in face coordinates:

faces = frame[y:yth, x:x+tw, :]
resized faces = cv2.resize(faces, (50, 50))
if i $ 10 == 0 and len(face data) < 10:

face data.append(resized faces)
cv2.rectangle (frame, (x, y), (x+w, y+h), (255, 0, 0), 2)
i+4=1

cv2.imshow ('frames', frame)
if cv2.waitKey(l) == 27 or len(face data) >= 10:

break
else:
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print ('error')
break

cv2.destroyAllWindows ()
cam.release ()

face data = np.asarray(face data)
face data = face data.reshape (10, -1)

if 'names.pkl' not in os.listdir('data/'):
names = [name]*10
with open('data/names.pkl', 'wb') as f:
pickle.dump (names, f)
else:
with open('data/names.pkl', 'rb') as f:
names = pickle.load(f)

names = names + [name]*10
with open('data/names.pkl', 'wb') as f:
pickle.dump (names, f)

if 'faces.pkl' not in os.listdir('data/'):
with open('data/faces.pkl', 'wb') as w:
pickle.dump (face data, w)
else:
with open('data/faces.pkl', 'rb') as w:
faces = pickle.load (w)

faces = np.append(faces, face data, axis=0)
with open('data/faces.pkl', 'wb') as w:
pickle.dump (faces, w)

228

:0gAl @ i

KINN plasnls ol o G ald & hlaodl Sl sl 1421 !
el g 1726 el

a1 5203 0% g N slS I J 5o 5 VideoCapture (51876 Lid] 19 jlant
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Haar Cascades oY $2by o8 JI RBG (0 855l Joso5 120 jhadl
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D5 o (3415 8 500 ) sy o JS (g 10) x750010 KL a4l
JSed) (B x 50 x 50) Lgnits doelannadl 5 o2l 5 5025 75005 552l 50 10
(B3l g ol

OV o Lol SULIY dee G'names.pkl” L) S o131 :52-49 ;i e
Ao s 5o "names. k' s Ll o3 10 4k (1 I3V a1 T oy g
(s S350 10 i Lal p 55 1Y) e 10 0¥l it

a5l ud 437_;‘-9 lda s <"names.pkl" Lo QT%;'.C. (AT - :59-.53 Ll e
Y Y- 10 a5y "names.pkl" o> RS TRUIRUREERE PR VI
."names. pkl" ol abaity ol Ly

Nick

Nick

Structure of names.pkl

face data Jof o U o2 b colanDU o3lel ad 1827162 ol @
gw‘_}ﬁ.:uvjl\ Sbls Caw L5 69 bl Jsis

Facelof sam 7500 columns depicting this face
Face 2 of sam 7500 columns depicting this face
Face 3 of sam 7500 columns depicting this face
Face 4 of sam 7500 columns depicting this face
Face 5 of sam 7500 columns depicting this face
Face 6 of sam 7500 columns depicting this face
Face 7 of sam 7500 columns depicting this face
Face 8 of sam 7500 columns depicting this face
Face 9 of sam 7500 columns depicting this face
Face 10 of sam 7500 columns depicting this face
Facelof nick 75600 columns depicting this face

Face 2 of nick 7500 columns depicting this face

Structure of faces.pkl
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:KNN polaaiwl ogagll (le piliodl & ycil) ag4

import cv2

import numpy as np

import pickle

from sklearn.neighbors import KNeighborsClassifier

with open('data/faces.pkl', 'rb') as w:
faces = pickle.load (w)

with open('data/names.pkl', 'rb') as f:
labels = pickle.load(f)

facec =
cv2.CascadeClassifier ('data/haarcascade frontalface default.xml')

cam = cv2.VideoCapture (0)

print ('Shape of Faces matrix --> ', faces.shape)
knn = KNeighborsClassifier (n neighbors=5)
knn.fit (faces, labels)

# Face Recognition using KNN
while True:
ret, fr = cam.read()
if ret == True:
gray = cv2.cvtColor (fr, cv2.COLOR BGR2GRAY)
face coordinates = facec.detectMultiScale(gray, 1.3, 5)

for (%, y, w, h) in face coordinates:
fc = frly:y + h, x:x + w, :]
r = cv2.resize(fc, (50, 50)).flatten() .reshape(l,-1)
text = knn.predict(r)
cv2.putText (fr, text[0], (x, y-10),
cv2.FONT HERSHEY SIMPLEX, 1, (255, 255, 0), 2)

cv2.rectangle (fr, (x, y), (x +w, yv + w), (0, 0, 255), 2)
cv2.imshow ('livetime face recognition', fr)
if cv2.waitKey(l) == 27:
break
else:
print ("error")
break
cv2.destroyAllWindows ()
:0gAJl @ i
uglaall Sl sl el 1421 ot e
(X train) oz s)l ULy fasss 176 ol @
(y train) Slawdl [ elowV Sl Jooss 11029 ol o
ool ksl Ja) 11412 el o
g I B yima | ULy I3 e G Les 116l @

Shape of Faces matrix --> (28, 7560)
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http://scikit-learn.org/stable/modules/generated/sklearn.neighbors.KNeighborsClassifier.html
Download%20source%20code%20for%20Face%20Recognition%20using%20KNN…
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ABC Analysis using JUI pdcill plaaiwly ABC Julni (34
Machine Learning

U o Pareto w5 w5 Osipeedl G5 50l oliall Ol ABC s 5 2
Jelos #1228 e ALl G s Wil (3. J5ll Jans ol o o 8 i B
Y el iz, ABC
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&Il rolci go ABC Julnai
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wciall fuad Jlgh bias o sl e oDl Olae SULIY de sames ponaS L Y
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https://github.com/amankharwal/Website-data/blob/master/summer-products-with-rating-and-performance_2020-08.csv
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1Ll

# Import libraries

import pandas as pd

import numpy as np

# read the data to a dataframe

df = pd.read csv("Summer Sales.csv")

el disladl Sl gl sie o Gk e bl ¥l bl ) o 5 ses cnsle
OS5 (AW Slas gl dis a3l gm0 i B el 0550 O (Sl oy
Hglb do g pa Aol ol e OF 2 2 (llidod B3] UL 05

df ["revenue"] = df(["units sold"] * df(["price"]

:python (dseaborn &s > ezl Sl Y1 o Leo oY

0.000040
0.000035
0.000030
0.000025 [
0.000020 |
0.000015 |
0.000010 |
0.000005

0.000000 T S T T T
0 200000 400000 600000 800000
revenue

SV o galanll LI s SULI (33 g godl 525b w55 el LIl o I s
S VESHPCTRSLE v #¥ O ks cands gl Goolawall G550 200000 oy T
ol Y adle L}(’At.wj b 425 9,5 8000005 400000 () Cj‘,lg

QW5 dnss o3l JI b e e bl 5l e Citasd Bls iy o 8la (Y
FobL e i day o 5L

def bins(x):
for bar in range (20000, 820000, 20000) :
if x &lt;= bar:
return bar
# Create new column to apply the bin function
df ["rev_dist"] = df["revenue"].apply(lambda x: bins(x))

2 S G AN olall sae 3 1 (5 0e I oLk oY L

df ["count"] =1
# Create a pivot table of the revenue distributions
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pivot table = pd.pivot table(df, index = ["rev dist"], values =

["count"], aggfunc = np.sum)
Ul rpdeil 8o jjlga Guini

e S e bl B e 3 s W] 3o SO Y s A 3 sedl gyt
g Uy e sazms (6 pomall Jpulndl 1 gy - 5l 5 o S Ll O pm O
K-Means &ajyls vl lede cptdl 2350l Sy oo LU L6500
:ABC JJ>xd dagoll odg) Clustering

# import model from SKLearn

from sklearn.cluster import KMeans

# K -clusters is equal to 3 because things will be sorted into A, B,
and C

kmeans = KMeans (n_clusters=3)
kmeans.fit (pivot table)

LY 5oy 3 sadl sl amy () seall Jsdondl JI i 13 50 031 sl
e ot Cs 5 e scikit-Learn - 4ob<)l K-Means &)l 55 Josw (L1 250 «f
JS el s (UL ABC oo Jpasall sV ol o Yoy 035 poliie
(LS ol sl o1 o 4 e i
pivot table["category"] = kmeans.labels
ABC o doged o JS Ciiand ot L ls sulis (Y
ABC_dict = {
0: "a",
l: HC",

2. ngn

}
pivot table["ABC"] = pivot table["category"].apply(lambda x:
ABC dict([x])

ABC i amass 0V o o o e Dsll e )5 o5 23501 01 ST 0V
L Jos caiad janass o5 (S e Yy olial)

df = pd.merge (df, pivot table, on = "rev dist", how ="left")
ol L (A AN ond S ) el sl e G Y LT e o2 )1 e s L
SUL) ) es bas LiSlay (U s A ol diias ol licnas am Of
4 2B ABC sl paie JS el PivotTable d g (ool

101ty olald Sl ! o e

bW e 0 1617 S35 oo g0 V11,4 A jooliadl a5
sVl oz 50 730.7 S5 bl (g0 120.5 B jsliall o3 @
bV e 0 77.6 ST bl (g0 68.17. C wodl oo 0



236

Ul el polaAiiul dio jodl (LA Al ol GagT

Predicting (JII el pladiwl dio jodl (A yAlyol gdg (35
Chronic Kidney Disease using Machine Learning
ooid JalSI ol (6 e g Eun ol JSIN 1l ULy e sames 2 pmtminn iliadl on b
UL e 2 ¥ i 58 g e 3,01 0S5 Ly 530 3 ot J g

import pandas as pd
import numpy as np

import matplotlib.pyplot as plt
from sklearn.model selection import GridSearchCV, train test split,
cross_val_ score

from sklearn.preprocessing import StandardScaler
from sklearn.metrics import r2 score

import scipy.stats as stats
import seaborn as sns

$matplotlib inline

RURVIN

&0 j U1 iAol al il

Lo 2ol SULIL de gomes T, U ses Y

df = pd.read csv('kidney.csv')
data = df
data.head()

age bp sg al su rbe pc pce ba bgr .. pcv whee rbec htn dm cad appet pe ane class
0 480 800 1020 10 00 NaN normal notpresent notpresent 121.0 .. 440 78000 52 yes yes no good no no ckd
1 70 500 1020 40 00 NaN normal notpresent notpresent NaN . 380 60000 NaN no no no good no no ckd
2 620 800 1010 20 30 normal normal notpresent notpresent 423.0 .. 310 75000 NaN no yes no poor no Yyes ckd
3 480 700 1005 40 0.0 normal abnormal present notpresent 117.0 .. 320 67000 39 yes no no poor yes Yyes ckd
4 51.0 800 1.010 20 00 normal normal notpresent notpresent 106.0 ... 350 73000 46 no no no good no no ckd

1Ly Aol OULY e gomes JSK3 (65 Lges (Y

data.shape
(400, 25)

df.info ()

AUl daleo
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<class "pandas.core.frame.DataFrame’>
RangeIndex: 48@ entries, @ to 399
Data columns (total 25 columns):

# Column Mon-Null Count Dtype

o age 391 non-null floatea
1 bp 388 non-null floatea
2 sg 353 non-null floatsa
3 al 354 non-null floatea
4 su 351 non-null floatsa
5 rbe 248 non-null  object
6 pc 335 non-null object
7 pee 396 non-null object
8 ba 396 non-null object
9 bgr 356 non-null floatea
1@ bu 381 non-null floatea
11 sc 383 non-null floatea
12 sod 313 non-null floatsa
13 pot 312 non-null floatsa
14  hemo 348 non-null floatea
15 pev 329 non-null floatsa

16 wbcc 294 non-null floatea
17 rbec 269 non-null floatea

18 hitn 398 non-null  object
19 dm 398 non-null object
20 cad 398 non-null object
21 appet 399 non-null object
22 pe 399 non-null  object
23 ane 399 non-null  object

24 class 400 non-null  object
dtypes: float6a(14), object(11)
memory usage: 78.2+ KB

z

Bl by 55 Byes OV

df .describe ()

age bp sg al su bgr bu sc sod pot hemo pov

count 391.000000 388000000 353000000 354.000000 351000000 356000000 381.000000 383000000 313.000000 312.000000 348000000 329.000000
mean 51483376 76469072 1017408 1.016949 0450142 148036517 57425722 3072454 137528754 4627244 12526437 38884498
std 17169714 13683637 0.005717 1.352679 1099191 79281714  50.503006 5741126 10408752 3193904 2912587 8990105
min 2000000  50.000000 1.005000 0.000000 0000000  22.000000 1.500000 0.400000 4500000 2500000 3.100000 9.000000
25%  42.000000 70.000000 1.010000 0.000000 0.000000 99.000000 27.000000 0.900000 135.000000 3.800000  10.300000 32000000
50%  55.000000 80.000000 1.020000 0.000000 0000000 121.000000  42.000000 1.300000 138.000000 4400000 12850000 40.000000
75%  64.500000 80.000000 1.020000 2.000000 0000000 163.000000 66.000000 2800000 142.000000 4.900000 15000000 45.000000

max  90.000000 180.000000 1.025000 5.000000 5000000 490000000 391.000000 76000000 163.000000 47.000000 17.800000  54.000000

18500 JS Lehoos ) A1 il Jlam Yl sl 6 5 Les Y

age 9
bp 12
sg 47
al 46
su 49
rbc 152
pc 65
pcc 4
ba 4
bgr 44
bu 19
sC 17
sod 87
pot 88
hemo 52
pcv 71
whcc 106
rbcc 131
htn 2
dm 2
cad 2
appet 1
pe 1
ane 1
class [}

dtype: intes4

d9gaon oll ouu jg bl jll degono

df.corr ()
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age bp sg al su bgr bu sc sod pot  hemo pev whee rbec

age 1.000000 0159480 -0.191096 0122091 0220866 0244992 0196985 0132531 -0.100046 0058377 -0192928 -0242119 0118339 -0.268896
bp 0153480 1000000 -0.218836 0160689 0222576 0160193 0188517 0146222 -0116422 0075151 -0306540 -0.326319 0029753 -0261936
sg -0.191096 -0218836 1.000000 -0469760 -0286234 -0.374710 -0.314295 -0.361473 0412190 -0.072787 0602582 0603560 -0236215 0.579476

al 0122091 0160689 -0469760 1000000 0269305 0379464 0453528 0399198 -0459896 0.129038 -0634632 -0611891 0231989 -0.566437
su 0220866 0222576 -0.296234 0269305 1000000 0717827 0168583 0223244 -0.131776 0219450 -0224775 -0239189 0184893 -0237448
bgr 0244992 0160193 -0.374710 0379464 0717827 1000000 0143322 0.114875 -0267848 0066966 -0306189 -0301385 0150015 -0.281541
bu 0196985 0188517 -0.314295 0453528 0168583 0143322 1000000 0586368 -0.323054 0357049 -0610360 -0607621 0050462 -0.579087
sc 0132531 0146222 -0361473 0399198 0223244 0114875 0586368 1000000 -0690158 0.326107 -0401670 -0404193 -0006390 -0.400852

sod -0.100046 -0.116422 0.412190 -0.450896 -0.131776 -0.267842 -0.323054 -0.690158 1.000000 0.097887 0.365183 0.376914 0.007277 0.344873

pot 0058377 0075151 -0.072787 0129038 0219450 0066966 0357049 0326107 0097887 1.000000 -0.133746 -0163182 -0.105576 -0.158309

hemo -0.192028 -0.306540 0.602582 -0.634632 -0.224775 -0.306189 -0.610360 -0.401670 0.365183 -0.133746 1.000000 0895382 -0.169412 0.798880
pev  -0242119 -0326319 0603560 -0611891 -0239189 -0301385 -0607621 -0404193 0376914 -0.163182 0895382 1000000 -0.197022 0.791625
wbee 0118339 0.029753 -0.236215 0.231989 0.184893 0.150015 0.050462 -0.006390 0.007277 -0.105576 -0.169413 -0.197022 1.000000 -0.158163
rbec -0.268896 -0261936 0579476 -0566437 -0237448 -0281541 -0579087 -0400852 0344873 -0.158309 0798880 0791625 -0.158163 1.000000

T bﬁf:J;'L;p o= Les

df['class'].value counts ()

ckd 250
notckd 150

Name: class, dtype: int64

Moo o

(B g e Sy A gaza” a8 M O bl LSy obsT Iy YY)

() gl Bndl Cgll i s

countNoDisease = len(df[df['class'] == 0])

countHaveDisease = len(df[df['class'] == 1])

print ("Percentage of Patients Haven't Heart Disease:
{:.2f}%".format ( (countNoDisease / (len(df['class']))*100)))
print ("Percentage of Patients Have Heart Disease:
{:.2f}%".format ( (countHaveDisease / (len(df['class']))*100)))

Percentage of Patients Haven't Heart Disease: 0.00%

Percentage of Patients Have Heart Disease: 0.00%
e SULIN &) e 0gd

df['class'].value_counts () .plot (kind='bar',color=['salmon', 'lightblue’
],title="Count of Diagnosis of kidney disease")

Count of Diagnosis of kidney disease

250

200

150

100

ked
notckd
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df [

dLioll §usbn e DI el

rage column yoall 5508 255 e G g L

'age'].plot (kind="hist")

Frequency
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plt.
plt.
plt.
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msno.bar (data)
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subplot (121), sns.distplot(datal['bp'])
subplot (122), datal'bp'].plot.box(figsize=(16,5))
show ()
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datal['class'] = datal'class'].map({'ckd':1, '"notckd':0})
data['htn'] = data['htn'].map({'yes':1,'no':0})
data['dm'] = datal['dm'].map({'yes':1,'no':0})

data['cad'] = data['cad'].map({'yes':1l,'no':0})
datal['appet'] = datal'appet'].map({'good':1, 'poor':0})
datal['ane'] = data['ane'].map({'yes':1l,'no':0})
data['pe']l = datal'pe']l.map({'yes':1l,'no':0})

data['ba'] = datal'ba'].map ({'present':1, 'notpresent':0})
data['pcc'] = datal['pcc'].map ({'present':1l, 'notpresent':0})
datal['pc'] = datal'pc'].map ({'abnormal':1, 'normal':0})
data['rbc'] = data['rbc'].map({'abnormal':1, 'normal':0})
data['class'].value counts ()

1 250

(7] 150

Name: class, dtype: inté4
plt.figure(figsize = (19,19))

sns.heatmap (data.corr (), annot = True, cmap = 'coolwarm') # looking
for strong correlations with "class" row
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(EDA) éusliiA i Ul csbul Judah
ol s (6,38 e UL e gazes 52 (55 Uyes

data.shape

(400, 25)
Ly Lol ULl Ao sazes (383 52 sadl L3l 50ae N1 (6 5 Lyes 0V
data.columns
Index(['age', 'bp', 'sg', ‘'al', 'su', 'rbc', 'pc', 'pcc', 'ba‘', ‘'bgr', 'bu’,
'sc', 'sod', 'pot', 'hemo', 'pcv', 'wbcc', 'rbcc', 'htn', 'dm', 'cad',
‘appet', 'pe', 'ane', ‘'class'],
dtype='object")
I o) Bl oY
data.shape[0], data.dropna() .shapel0]

(400, 158)
W i oY ULl e porme (34516 203 158 Slua 0 (5 0 Lislay codlel 5l o L
U NA (o3 o o Lodie Ly BlisoVI 51 22 L (2l asr Bl Lof LiSlas 0L
165l el e Waol 130y D 5 8" o) Ly ool UL e samen 0 g O o
S el 3508 I T BT Ly Lodts 13 Wloedl o (a0l Gsloce S5 5
oane A o 4651 dll oda OF OV oo 5 Wy Uil 3T 15V 03 5 (b olid
UL e ez B Y1 ol sl
oda SLLII e gore 3 poidl fonow S ()15 ool oy ool o3 01 a3

Sl et OIS 5] o 8 s o ol Dl 3 e s o s Lais U
B3 Lyl sllasl 3T e (g sou

data.dropna (inplace=True)
data.shape

(158, 25)
@3gol cliy
Glutagl jlaniui (1

from sklearn.linear model import LogisticRegression
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logreg = LogisticRegression()

X
y

data.iloc([:, :-1]
data['class']

X train, X test, y train, y test = train test split(X,y, stratify =y,
shuffle = True)

logreg.fit (X train,y train)

LogisticRegression()

Z&ﬁ)iﬂ\ﬁ}
logreg.score (X train,y train)
1.0

JL\:}Y‘ i3>

logreg.score (X test,y test)
0.975

1)¥2;YtggﬁwJﬂ\a§Ja§%L

from sklearn.metrics import accuracy score, confusion matrix

print ('Train Accuracy: ', accuracy score(y train, train pred))
print ('Test Accuracy: ', accuracy score(y test, test pred))

Train Accuracy: 1.0
Test Accuracy: 0.975

UECP CJCR W I NEW [N
3 Jozs pasll s 5o s 82L5 5 s sl S0l e S slaall 3613 e )
-l 3 8305 OF e g yadl SN 250 BLoP a0 2ST550 €2 0.14 JI>
S 2 0 Blan 0580 O Jazoodl o 800 € 7 =0.07 g 3,401 s pll lars
el

pd.DataFrame (logreg.coef , columns=X.columns)

age bp sg al su rbe pc pec ba bgr ... hemo pov  wbce rbec

0 028582 -0.132118 0.002671 0.309953 0.010789 0.019856 0.091069 0.003106 0.006829 0.414045 0282868 -0.62111 0.001157 -0.141783
1 rows x 24 columns
cJujjllaegono

sns.set (font scale=1.5)
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def plot conf mat(y test,y preds):
This function will be heloing in plotting the confusion matrix by
using seaborn

fig,ax=plt.subplots(figsize=(3,3))

ax=sns.heatmap (confusion matrix(y test,y preds),annot=True,cbar=False)
plt.xlabel ("True Label")
plt.ylabel ("Predicted Label")

log pred = logreg.predict (X test)
plot conf mat(y test, log pred)

Predicted Label

0 1
True Label

tn, fp, fn, tp = confusion matrix(y test, test pred) .ravel ()

print
print
print
print

f'True Neg: {tn}'")
f'False Pos: {fp}"'")
f'False Neg: {fn}"'")
f'True Pos: {tp}'")

True Neg: 28
False Pos: 1
False Neg: ©
True Pos: 11

KNN w@ino (2
Gl e o RINN plasinsl |3 0 Joaddl oy 031531 Griod Vil sk dslas L)
Ha 25T KININ (6352 ¥ o) el b coledd] D>

df ["class"].value counts ()
0 115
1 43

Name: class, dtype: int64

Lo Lo @l ol s Ja 5 G ges oI
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balanced df = pd.concat ([df[df["class"] == 0], df[df["class"] ==
1] .sample(n = 115, replace = True)], axis = 0)

balanced df.reset index(drop=True, inplace=True)

balanced df["class"].value_ counts()

1 115

0 115

Name: class, dtype: inté4

ZQY‘cJUEA‘Veuaﬂé
ss = StandardScaler ()
ss.fit (X train)
X train = ss.transform(X train)
X _test = ss.transform(X_test)

sl 85 e J gasl) KNN 23 505 Lo p st OV

from sklearn.neighbors import KNeighborsClassifier

knn = KNeighborsClassifier ()

params = {
"n neighbors":[3,5,7,9],
"weights":["uniform", "distance"],
"algorithm":["ball tree","kd tree","brute"],
"leaf size":[25,30,35],
"p":[1,2]

}

gs = GridSearchCV (knn, param grid=params)

model = gs.fit (X train,y train)

preds = model.predict (X_test)
accuracy score(y test, preds)

1.0

knn_pred = model.predict (X test)
plot_conf mat (y_test, knn_pred)

—

=

(5]

5

B - 32

o
0 1
True Label

tn, fp, fn, tp = confusion matrix(y test, preds).ravel()
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print (£'True Neg: {tn}')
print (f'False Pos: {fp}')
print (f'False Neg: {fn}"')
print (f'True Pos: {tp}"'")

True Neg: 26
False Pos: @
False Neg: ©
True Pos: 32

8 jroJl duoal

feature dict=dict (zip(df.columns,list (logreg.coef [0])))

feature_dict
Biee JS 035 Lt A Slall e Jalaodl e oo G g La

{'age': ©.2858203378727209,
‘bp': -0.13211767022170745,
'sg': 0.9026714534276341444,
‘al': ©.3099528545093234,
‘su': 0.010788785962584712,
‘rbc': 0.01985635073828642,
‘pc’: 0.09106895589320387,
‘pcc’: 9.003106393240262293,
‘ba’: 0.006828878616469952,
‘bgr': ©.4140451203997997,
‘bu': 0.47262371944289844,
‘sc': ©.12893875993072498,
‘sod': -9.4419699201228987,
‘pot’: ©.05989714695858163,
‘hemo': -©.28286805186344094,
‘pev': -0.6211104727832718,
‘'wbce': ©.001157338688486265,
‘rbec': -0.1417833283935927,
‘htn': ©.08881269207443204,
‘dm': ©.08689401433102413,
‘cad': 0.0018059681932075433,
‘appet': -0.004481530609769657,
‘pe’: 0.0051126943850270425,
‘ane': ©.00349950552414094}

18 5eedl Loal )

feature df=pd.DataFrame (feature dict,index=[0])
feature df.T.plot (kind="hist",legend=False,title="Feature Importance")

Feature Importance

050 -025 O 025 050
S = el el

10

Frequency
=y

W]

(]

feature df=pd.DataFrame (feature dict,index=[0])
feature df.T.plot (kind="bar", legend=False, title="Feature Importance")
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Feature Importance
0.50

025 ‘ ‘
i I . T
0.00 T
| |

-0.25

-0.50
387 3388BERIGHEE8EERT AL
= [

2390l Kdn
import pickle

# Now with the help of pickle model we will be saving the trained
model

saved model = pickle.dumps (logreg)

# Load the pickled model
logreg from pickle = pickle.loads (saved model)

# Now here we will load the model
logreg_from pickle.predict (X test)

array([1, @, @, 1, ©, 1, 6, 1, 1, 1, 1, 8, 0, 1, 1, 1, 1, @, 1, 1, @, 1,
@, 1,1, e, 1, 0, 0, 0, 1, &, 1, 0, 0, 1, 1, 1, 0, 1, 0, 1, 1, @,
0, 0,1, 0,1, 0,1, 0, 1, 0, 8, 0, 1, 1], dtype=inted)

La o g ptall (el S


https://github.com/Aman-Preet-Singh-Gulati/Kidney-disease-prediction
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Fruits Classification JUI pdcill plaalwl ablgall wiini (36
using Machine Learning

Scikit- plisealy Python G Y1 pladl bl oo dodall At ) gtiedl Wi b
dogod Aoy ULy e gozes plisenl Python 3G s 231 JYI oAadl 3151 (Learn
ksl 2SI 1Bl o el Ciaodl oy

(Hedles g ol Al ol U ) Bl 5 o 5 5 5l i e 3,3
Mo Lo Ln 18T Lasl Hlast s dakseadl oloo )l sl & lae o 5

bl

o ) 85 sl e (slge OLL LS Blanl g ST ULy e gazes L] o3
Pl o3 Jsdr Glelald Joews dalisee Slusl o - lills 0 gacllls S o o e
L e Loy Sas b IS0t RS by ity Oliedes drslr 8 5LLYI

WL e SV AL G sl e 8l Al Uges

Smatplotlib inline

import pandas as pd

import matplotlib.pyplot as pltfruits =
pd.read table('fruit data with colors.txt')
fruits.head()

fruit_label fruit_name fruit_subtype mass width height color_score

0 1 apple granny_smith 1492 8.4 T3 055
1 1 apple granny_smith 1380 8.0 6.8 059
2 1 apple granny_smith 176 74 7.2 0.60
3 2 mandarin mandarin 86 6.2 47 0.20
4 2 mandarin mandarin 84 6.0 46 079

ookl Grdge a LS S e sy dalad UL desazes 0 o JS Jra
sl sasl 385 s sall ol
UL de gomes dline 75 A4S e dadad 59 Lol
print (fruits.shape)
(59, 7) : :
PO i yores JASWI o gl AT L)

print (fruits['fruit name'].unique())
[‘apple’ ‘mandarin’ ‘orange’ ‘lemon’]


https://github.com/susanli2016/Machine-Learning-with-Python/blob/master/fruit_data_with_colors.txt
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Lers ndi of ki Lle . mandarin e sl bl e 551520 UL
print (fruits.groupby ('fruit name') .size())

fruit_name

apple 19
lemon 16
mandarin 5
orange 19
dtype: inte4

import seaborn as sns
sns.countplot (fruits(['fruit name'], label="Count")
plt.show ()

175 A
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fruit_name
bl oaw i
.
wa?iw C?Ly o cfpj‘cjgé trka?w %fJ) eru Lﬁﬁ %;jikaﬂ lzkpud\ (]
J-sYI

fruits.drop('fruit label', axis=1).plot(kind='box', subplots=True,
layout=(2,2), sharex=False, sharey=False, figsize=(9,9),
title='Box Plot for each input variable')

plt.savefig('fruits box"')
plt.show ()

Box Flot for each input variable
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import pylab as pl

fruits.drop('fruit label' ,axis=1).hist(bins=30, figsize=(9,9))
pl.suptitle ("Histogram for each numeric input variable")
plt.savefig('fruits hist')

plt.show ()

Histogram for each numeric input variable

color_score height
84
il 7
6
&
5
44
4
34
2 21
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o o
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mass width
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10 10
8 8
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4 4
2 2
o 0-
100 150 200 250 300 350 6 7 8 9

BMey WS bLoyl5sms JI o e (o4l S Qw\c\,ju@)a,:,: .
Lo 5 oSy

from pandas.tools.plotting import scatter matrix

from matplotlib import cmfeature names = ['mass', 'width', 'height',
'color_score']

X = fruits[feature names]

y = fruits['fruit label']cmap = cm.get cmap ('gnuplot')

scatter = pd.scatter matrix(X, c = y, marker = 'o', s=40,

hist kwds={'bins':15}, figsize=(9,9), cmap = cmap)
plt.suptitle('Scatter-matrix for each input variable')
plt.savefig('fruits scatter matrix')
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Scatter-matrix for each input variable

L2 v o*lpieng

‘ = ¥ . ]
¥ ¢ VRS,

D...

o
0o -! - 2 .
1 .;, o .,‘.
Los{¥ Fee P
(=]
S S
% o7 f 'f
06 % . 5
T .I T T T T — T T
8 =] w - e =t w Ll = w0 - oo @
- ﬁ';ass @ vaath height ° co‘I:::r_sc:re °
Glaall gaaloll
fruit_label mass width height color_score
count 59000000 59.000000 59000000 59000000 @ 59000000
mean 2542373 163.118644 7.105085 7.693220 0.762881
std 1208048 55018832 0816938 1361017 0.076857
min  1.000000 76.000000 5800000 4.000000 0.550000
25%  1.000000 140.000000 6.600000  7.200000 0.720000
50%  3.000000 158.000000 7.200000 7.600000 0.750000
75%  4.000000 177.000000 7.500000 8.200000 0.810000
max  4.000000 362.000000 9.600000 10.500000 0.930000

scaling ol Goda J] g bowan . eldiall s L) e D3l o) ol 6 of LeSa
deo) e e gazead Lo Lad 1 SLa Yl e ganes e
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from sklearn.model selection import train test splitX train, X test,
y train, y test = train test split(X, y, random state=0)from
sklearn.preprocessing import MinMaxScaler

scaler = MinMaxScaler ()

X_train = scaler.fit transform(X train)

X_test = scaler.transform(X_test)

ejLOJJ|LLQ
g Ul ylans il

from sklearn.linear model import LogisticRegressionlogreg =
LogisticRegression ()
logreg.fit (X train, y train)print('Accuracy of Logistic regression
classifier on training set: {:.2f}'
.format (logreg.score (X train, y train)))
print ('Accuracy of Logistic regression classifier on test set: {:.2f}"'
.format (logreg.score (X_test, y test)))

Accuracy of Logistic regression classifier on training set: 0.70
Accuracy of Logistic regression classifier on test set: 0.40

§1§T3 Ko Jhatri]
from sklearn.tree import DecisionTreeClassifierclf =
DecisionTreeClassifier().fit (X train, y train)print ('Accuracy of
Decision Tree classifier on training set: {:.2f}"

.format (clf.score (X train, y train)))
print ('Accuracy of Decision Tree classifier on test set: {:.2f}'
.format (clf.score (X test, y test)))

Accuracy of Decision Tree classifier on training set: 1.00
Accuracy of Decision Tree classifier on test set: 0.73

KNN

from sklearn.neighbors import KNeighborsClassifierknn =

KNeighborsClassifier ()

knn.fit (X train, y train)

print ('Accuracy of K-NN classifier on training set: {:.2f}'
.format (knn.score (X train, y train)))

print ('Accuracy of K-NN classifier on test set: {:.2f}"'
.format (knn.score (X_test, y test)))

Accuracy of K-NN classifier on training set: 0.95
Accuracy of K-NN classifier on test set: 1.00

LDA

from sklearn.discriminant analysis import

LinearDiscriminantAnalysislda = LinearDiscriminantAnalysis ()

lda.fit (X train, y train)

print ('Accuracy of LDA classifier on training set: {:.2f}'
.format (1da.score(X_train, y train)))

print ('Accuracy of LDA classifier on test set: {:.2f}"
.format (1da.score (X test, y test)))

Accuracy of LDA classifier on training set: 0.86
Accuracy of LDA classifier on test set: 0.67
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from sklearn.naive bayes import GaussianNBgnb = GaussianNB()

gnb.fit (X train, y train)

print ('Accuracy of GNB classifier on training set: {:.2f}'
.format (gnb.score (X _train, y train)))

print ('Accuracy of GNB classifier on test set: {:.2f}"
.format (gnb.score (X test, y test)))

Accuracy of GNB classifier on training set: 0.86
Accuracy of GNB classifier on test set: 0.67

SVM

from sklearn.svm import SVCsvm = SVC ()

svm.fit (X train, y train)

print ('Accuracy of SVM classifier on training set: {:.2f}'
.format (svm.score (X train, y train)))

print ('Accuracy of SVM classifier on test set: {:.2f}"
.format (svm.score (X_test, y test)))

Accuracy of SVM classifier on training set: 0.61
Accuracy of SVM classifier on test set: 0.33

5Ll IV B gias 35 oy o sl B3 2SI 2550l a KINN &yl 2518
.Cbrsj?i~ajk£5)y\lpjaetoglﬁg’uius cfj-)¥¥;Y‘39;%95ﬁ‘}U45'¢4}4>'¢J9

from sklearn.metrics import classification report
from sklearn.metrics import confusion matrix
pred = knn.predict (X test)

print (confusion matrix(y test, pred))

print (classification report(y test, pred))

[[4 @ e 8]
[e 10 8]
[6 @8 8]
[e@e 2]

precision recall fl-score  support

1 1.88 1.06 1.88 4

2 1.66 1.86 1.86 1

3 1.66 1.86 1.86 8

4 1.66 1.6 1.86 2

avg / total 1.06 1.0 1.86 15

KINN wined jléJl agan oaw

import matplotlib.cm as cm
from matplotlib.colors import ListedColormap, BoundaryNorm
import matplotlib.patches as mpatches
import matplotlib.patches as mpatchesX = fruits[['mass', 'width',
'height', 'color score']]
y = fruits['fruit label']
X _train, X test, y train, y test = train test split(X, vy,
random state=0)def plot fruit knn(X, y, n neighbors, weights):
X mat = X[['height', 'width']].as matrix()
y mat = y.as_matrix()# Create color maps
cmap light = ListedColormap (['#FFAAAA', '#AAFFAA',
'4#AAAAFF', '#AFAFAF'])
cmap bold = ListedColormap (['#FF0000', '#00FFO0O0',
'"#0000FF"', "#AFAFAF'])clf = neighbors.KNeighborsClassifier (n_neighbors,
weights=weights)
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clf.fit (X mat, y mat)# Plot the decision boundary by assigning a
color in the color map
# to each mesh point.

mesh step size = .01 # step size in the mesh
plot symbol size = 50

x min, x max = X mat[:, 0].min() - 1, X mat[:, O0].max() + 1
y min, y max = X mat[:, 1].min() - 1, X mat[:, 1].max() + 1
XX, yy = np.meshgrid(np.arange(x min, x max, mesh step size),
np.arange (y min, y max, mesh step size))
Z = clf.predict(np.c_[xx.ravel(), yy.ravel()])# Put the result
into a color plot
7 = Z.reshape (xx.shape)
plt.figure ()
plt.pcolormesh (xx, yy, Z, cmap=cmap light)# Plot training points
plt.scatter(X mat[:, 0], X mat[:, 1], s=plot symbol size, c=y,
cmap=cmap bold, edgecolor = 'black')
plt.xlim(xx.min (), xx.max())
plt.ylim(yy.min(), yy.max())patch0 =
mpatches.Patch (color="#FF0000', label='apple')
patchl = mpatches.Patch(color='#00FF00', label='mandarin')
patch2 mpatches.Patch (color="#0000FF', label='orange')
patch3 = mpatches.Patch(color="#AFAFAF', label='lemon')
plt.legend(handles=[patch0, patchl, patch2,
patch3])plt.xlabel ('height (cm)"')
plt.ylabel ('width (cm)"')
plt.title("4-Class classification (k = %i, weights = '%s')"
% (n_neighbors, weights))
plt.show()plot fruit knn(X train, y train, 5, 'uniform')

4-Class classification (k = 5, weights = 'uniform’)

10 I apple

mandarin

L
g9 B crange ®
lemon

width {cm)
-]
E %9
oe
[&]
Q
Q

o o
o
3 08 o &x?o
5
3 4 5 & 7 8 9 10 1
height {cm)
k range = range(l, 20)
scores = []for k in k range:
knn = KNeighborsClassifier (n_neighbors = k)

knn.fit (X _train, y_train)

scores.append (knn.score (X test, y test))
plt.figure ()
plt.xlabel('k")
plt.ylabel ('accuracy')
plt.scatter (k range, scores)
plt.xticks([0,5,10,15,20])
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0.50 4

accuracy

0.35 4

0.30 1

0.25

0.45 4

0.40 4

[ ] [ ]
2 89 » L ]
L ]
L I B ] »
L ] * 8 & 9 @
5 10 15 20
k

k=5 055 b D5 el e Juas coda 53uoeadl SULII de gazeed Ll

wuad Lol

T35l i o oo sl o3l ) 5 gl ol g ka2l B e 5T, ) gl a B
g1l cias (51) B laall Uil V1 YT el ool 5 Ui 5200 885 o i
Aol ol sl gl sl Hlasly diiseadl ol 5l el & )lias Lad (U ¢(2S W1

L sl e Ll gl siaal) ay o il o Sa



https://github.com/susanli2016/Machine-Learning-with-Python/blob/master/Solving%20A%20Simple%20Classification%20Problem%20with%20Python.ipynb
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Text Classification using (JUl pleil plaalwl yaill @rini (37

Machine learning

multinomial naive e L Qe ¢> Data Science <ULJI e Gl O
LS 5T LSSl s ol el a5 5 G ctexct classification el Ciieas sBayes
Agiias sl pall Sl 55

sparse word count Lzl Slldsdlsde Sl pdicinins dda SULIY e o000
ol s LSley a8 LLBY il SV Ole gesee Ao gaze e features
old J] s el ol

B Lol e 3 0 oy UL Loy ok

from sklearn.datasets import fetch 20newsgroups
data = fetch 20newsgroups ()
print (data.target names)

#Output-

[‘alt.atheism’, ‘comp.graphics’, ‘comp.os.ms-windows.misc’, ‘comp.sys.ibm.pc.hardware’,
‘comp.sys.mac.hardware’, ‘comp.windows.x’, ‘misc.forsale’, ‘rec.autos’, ‘rec.motorcycles’,
‘rec.sport.baseball’, ‘rec.sport.hockey’, ‘sci.crypt’, ‘sci.electronics’, ‘sci.med’, ‘sci.space’,
‘soc.religion.christian’, ‘talk.politics.guns’, ‘talk.politics.mideast’, ‘talk.politics.misc’,
‘talk.religion.misc’]

e ls ol de gazes J3s clid] o e Jais LIS Bae lbeen cdansl)

categories = ['talk.religion.misc', 'soc.religion.christian',
'sci.space', 'comp.graphics']

train = fetch 20newsgroups (subset='train', categories=categories)
test = fetch 20newsgroups (subset='test', categories=categories)

(bl e L JB-s) La

print (train.data[5])

#Output-

From: dmcgee@uluhe.soest.hawaii.edu (Don McGee)

Subject: Federal Hearing

Originator: dmcgee@uluhe

Organization: School of Ocean and Earth Science and Technology
Distribution: usa

Lines: 10



dlioll g e < JDI ol 256

Fact or rumor....? Madalyn Murray O’Hare an atheist who eliminated the
use of the bible reading and prayer in public schools 15 years ago is now
going to appear before the FCC with a petition to stop the reading of the
Gospel on the airways of America. And she is also campaigning to remove
Christmas programs, songs, etc from the public schools. If it is true
then mail to Federal Communications Commission 1919 H Street Washington DC
20054 expressing your opposition to her request. Reference Petition number

2493.

JS o s o 02536 050 0l J] bos ( JYN et SBLII ods pltsend Jof e
13 gdodl sdxe C‘L‘J‘ Bayes czwaw
from sklearn.feature extraction.text import TfidfVectorizer

from sklearn.naive bayes import MultinomialNB
from sklearn.pipeline import make pipeline

model = make pipeline(TfidfVectorizer(), MultinomialNB())
Sl 5lls ccuy il SULy e 2350l e LSy i Y1 B el
LY bl

model.fit (train.data, train.target)
labels = model.predict (test.data)

e dadlelsl e djedl B med Lpands LiSlas Les Y1 ULy Sl Lnd 55 0 s oY)
i gl g dddsdl Olend! s confusion matrix SU5,Y B saae El) (Jlal fow
SV bl

from sklearn.metrics import confusion matrix

mat = confusion matrix(test.target, labels)

import seaborn as sns

import matplotlib.pyplot as plt

sns.heatmap (mat.T, square=True, annot=True, fmt='d"', cbar=False,

xticklabels=train.target names,yticklabels=train.target names (
plt.xlabel ('True Label')

plt.ylabel ("Predicted Label")

plt.show ()

scispace

soc relgion. christian

ke rdiggion i

5
8 -3 a E
= E
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Codo e sLadll e Cododl fuab Sy D Jaedl Cinaall s o & gl oy
o O35 Lo mmadl (o Spdodly ) e Cododl Bl @S0 s S eS|
md e L5 ) dilats

predict() L, b plasenly ks (1 225 ot SV Y1 L) Of o La w1316 20
i Aaded 5220 e 2 el 85N Al Lad s pipeline oY1 e

:3J>4j
def predict category(s, train=train,model=model) :
pred = model.predict ([s])
print(train.target names[pred[0]])
ZL&UQQ Ujﬁé

predict category("sending a payload to the ISS")

sci.space

predict category("discussing islam vs atheism")
soc.religion.christian

predict category("determining the screen resolution")

comp.graphics

() JJS” IS (o) 3 2l oy Jlazod 5500 o Iias 28T d s 0 ST

L 53 Bolons Lgalisennd el B 3Ll Boo 13l oo Liladle doecdl 06 (23 s
ot ISt Al (65 O Ko sl e SBLIL e 5,08 e yazes o



258 D e i plaaiul IPL §) 48 job ¢8gi ¢g pito

IPL Team JUI pdcil pladiwly IPL 8136 joo &893 ¢gyuito (38
Win Prediction Project Using Machine Learning

Jomall e e ety a5 o ) 2SI Vol gl do UL ke s JYI ()
oAl g I el 3 ) Loy 5 M5 oW all Jlomodl Giladie Sl o5
Jebos o2 ULl e B obLl e 8 S Ol 3155 Aslaodl 5580 8515 5o Jlaeall
SVl oty 305 LY Ll Lghaz s UL o

B bl Shlax] jas J) I3Lawl JIPL o 5b olad s dlon sl Jae B
EBLASE Y UL Jloss e B pxs Cgan (g piadl i I3 e LTPL 31Le 3541
UL oddlaed gy Coe Al ol adl s L

L e gazes J) Jazils

wblwldcgono

Jeolidl Jo 505 2y (IPL bl ds sazes a Lo Lpadind 21 UL a6 gazes
Sl ) o5 ANGAN o ol o s 5om SLLls S olilasl il
N ol DLS Gl o5 g o8I 135 (a8 M5 oSGl sdm 3545 Ll 0lSes
sl o SULII dutia s B3LASELN) SUL) Jdows el 2] 3 ) Ly oSl elods
e aa ) WL el SLLI
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https://www.kaggle.com/datasets/ramjidoolla/ipl-data-set?select=matches.csv
https://www.kaggle.com/datasets/ramjidoolla/ipl-data-set?select=matches.csv
https://www.kaggle.com/datasets/ramjidoolla/ipl-data-set?select=matches.csv
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A laodl DLl pror 3l & J5Y1 8 5kasdl 0 sl

import pandas as pd

import numpy as np

import seaborn as sns

sns.set style("whitegrid")
import matplotlib.pyplot as plt

import sklearn
.cbug?‘igjgaw‘}xﬂb t&éu.ﬁﬂ.cJUEJ‘igjuaﬁb)jLwﬂé

data = pd.read csv("matches.csv")

UL e gazes o I3V dal O sl o Sl

data.head()

data.describe ()
dl_applied win_by_runs win_by_wickets
756.000000 .00 0 000000
0.025132 83069 3.350529
0.156630 23471144 3.387963
0.000000 0.000000 0.000000
0.000000 0.000000 0.000000

0.000000 0.000000 4.000000

0.000000 19.000000 6.000000
1.000000  146.000000 10.000000

DL e saze (3456 3 (515425 (e G|

data.isnull () .sum()

id @ Season 0 city

7 date 0 teaml 0 team2

@ toss_winner @ toss_decision 0 result

0 dl_applied @ winner 4 win_by runs
@ win_by wickets @ player_of _match 4 venue

0 umpirel 2 umpire2 2 umpire3

637
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sgenll blanl o i A L, G il g G0l umpire3 o3 06 (g5 LS
3308 V3| g A o) o 5o Al Spiall Lan il SIS, .umpire3
.umpire3

data = data.iloc[:,:-1]
data.dropna (inplace=True)

oda SULI de gazes Byl G0 Jlax] e 8k 2l oY Les

data["teaml"] .unique ()

array(['Sunrisers Hyderabad', ‘'Mumbai Indians', 'Gujarat Lions',
'Rising Pune Supergiant', 'Royal Challengers Bangalore',
‘Kolkata Knight Riders', 'Delhi Capitals', 'Kings XI Punjab',
'Chennai Super Kings', 'Rajasthan Royals', 'Kochi Tuskers Kerala',
'Pune Warriors', 'Rising Pune Supergiants'], dtype=object)
s» Delhi Daredevils ¢Delhi Capitalsy Delhi Daredevils ol &35 o La
Sunrisers J &)l ¥l g2 Decan Chargers 0B « Jalbs . ¢33 ool 520 @l oVl
oV VI ) @) )55 sy o5 U Hyderabad

#for Delhi Capitals
data['teaml']=data['teaml'].str.replace('Delhi Daredevils', 'Delhi

Capitals")
data['team2']=data['team2'].str.replace('Delhi Daredevils', 'Delhi
Capitals"')
data['winner']=datal['winner'].str.replace ('Delhi Daredevils', 'Delhi
Capitals')
#for sunrisers Hyderabad
data['teaml']=data['teaml'].str.replace('Deccan Chargers', 'Sunrisers
Hyderabad')
data['team2']=data['team2'].str.replace ('Deccan Chargers', 'Sunrisers
Hyderabad')
data['winner']=datal['winner'].str.replace ('Deccan Chargers', 'Sunrisers
Hyderabad')
Gl Jol

G JS L 56 S TPL e sas
plt.figure(figsize = (10,6)
sns.countplot (y = 'winner',data = data,order=
data['winner'].value counts () .index)

plt.xlabel ('Wins"')
plt.ylabel ('Team')
plt.title ('Number of IPL matches won by each team')
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Number of IPL matches won by each team

Mumbai Indians

Chennai Super Kings
Kolkata Knight Riders
Sunrisers Hyderabad

Royal Challengers Bangalore

Kings Xl Punjab

Team

Delhi Capitals
Rajasthan Royals
Gujarat Lions

Pune Warriors

Rising Pune Supergiant
Kochi Tuskers Kerala

Rising Pune Supergiants

.:
=
g
]
2
5

Wins
il Cale Bl 5 1 el s Jlaz]

plt.figure(figsize = (10,6))

sns.countplot (y = 'venue',data = data,order =
data['venue'].value counts().iloc[:10].1index)

plt.xlabel ('No of matches', fontsize=12)

plt.ylabel ('Venue', fontsize=12)

plt.title('Total Number of matches played in different stadium')

Total Number of matches played in different stadium

Eden Gardens

Wankhede Stadium

M Chinnaswamy Stadium

Fercz Shah Kotla

g Rajiv Gandhi International Stadium, Uppal
=

g MA Chidambaram Stadium, Chepauk

Sawai Mansingh Stadium

Punjab Cricket Asseciation Stadium, Mohali

Maharashtra Cricket Association Stadium

Subrata Roy Sahara Stadium

=)
5]
]
]

40
No of matches

e 1 G G Al S e 5130 361

g
3
3
8

plt.figure(figsize = (10,6))

sns.countplot (x = "toss_decision", data=data)
plt.xlabel ('Toss Decision', fontsize=12)
plt.ylabel ('Count', fontsize=12)
plt.title('Toss Decision')
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Toss Decision

300
€
=
8
200
100
0
field
Toss Decision
$5n JS Gadiodl 3y a1 e pe o 01 L
x = ["city", "toss_decision", "result",
for i in x:
print ("

"dl applied"]

print(data[i] .unique())
print(data[i].value counts())
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() 724
1 19

Name: dl_applied, dtype: inte64

B i JI Q3 a5 gsadl sLai] ol n see NI ST Slpadl e J] 2l Y
Al e S5 Y A Sl Gan B W A 3 peull

data.drop(["id", "Season","city","date", "player of match", 'umpirel',
"venue", "umpire2"], axis=1, inplace=True)

1S 3Ly s

toss_winner toss_decision result dl_applied winner win_by_runs win_by_wickets

field normal
field normal
field normal
field normal

id  normal

id  normal

normal

Mumbai Indians C r Kings Mumbai Indians st normal

sy TG UL I LUl Lo LS

X = data.drop(["winner"], axis=1)
y = data["winner"]

«pandas pliseul Lods o3 ) b s p 55 DU J-sY bl ga 2 D e A 5
.get dummies 4% ,b

X = pd.get dummies (X, ["teaml","team2", "toss_ winner",
"toss_decision", "result"], drop first = True)

LabelEncoder pliseul sde J] b sy p oo S & 25 doc3 l:a_JL;h gAY el
.sklearn e

from sklearn.preprocessing import LabelEncoder
le = LabelEncoder ()
y = le.fit transform(y)

i) LVl e pazens 3 el e L] ol 0 s B sazme J] LSLLy J o 0 Lo
03La5] o5 (gl 3 5l
from sklearn.model selection import train test split

X train, x test, y train, y test = train test split(X, y, train size =
0.8)

0044859 2390 <L
Slatall it pdsennd (ot A3 gl £L25] 8 ghas iaal 2515 BILI 3 sl
.L,bJAH\J4JJ[;U|3Je=3 o2l g nggrjﬂ\)\d>d\ﬂj LU

from sklearn.ensemble import RandomForestClassifier
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model = RandomForestClassifier(n estimators=200,min samples split=3,
max_features = "auto")

.é\;.:;d\ L cavas CSJA; oS
model.fit (x train, y train)
7y _pred Saki=s x test oy 350l 135
y_pred = model.predict (x_ test)
By dnd gl doeccdl ey o0 «sklearn :» accuracy score &1 d>)s (:\.b'a.ﬂlg
.Cs,u\

from sklearn.metrics import accuracy score
ac = accuracy score(y pred, y test)

#output - 0.92
A loll

LaS e 136 5k e clax Ji L IPL Win 350 723 500 Godas JWidl lia s
b g pall b Slall ] G b oo auds e J) el 3255 fme 15 By Julos
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IPL lylad a1 35
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Smadl Jo o) s 20 ol 2y 5 sl ) ks SGL) s pares
A ) ) Ty ey e ) &l

£330 Ladiialy o phall o 252l 58 10n OIS ey rgactl sLS| o
i gazes qo el M Uyosl 3-¥ <35 4 RandomPForestClassifier
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(:,J]JI oleUl plaaiwl gguidju ydgo e JALodl @idll (39
Parkinson disease onset detection Using Machine Learning
Waall

o rold B Sl B LS5 055 50 5o s s oo Dl e s ot gl
Support Vector Machines s KNN Algorithms XGBoost La pdicis
o bl SULL e jazee puseds Random Forest Algorithms (SVMs)
Index of /ml/machine-) URL 0lse o UCL Parkinson <ULy de gazes

.(learning-databases/Parkinsons (uci.edu)
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¢XGBoost ga Lo

Al Ol o e Uge e oY1 Ha 08 A L))l & XGBoost
U5 .5 . gradient boosted choice timber J Gk » XGBoost dsl s & yoxes
Ul 15V el s )

23 S
.XGBoost s Sklearn s Pandasy NumPy wlese sl ,oul @

import numpy as np

import pandas as pd

import os, sys

from sklearn.preprocessing import MinMaxScaler

from xgboost import XGBClassifier

from sklearn.model selection import train test split
from sklearn.metrics import accuracy score

.;Lygssb Lﬂé;ﬁhﬂ”ﬁ C)Ukﬁs¢b5 °

features=df.loc[:,df.columns!="status'].values[:,1:]
labels=df.loc[:, 'status'].values

print (labels[labels==1].shape[0], labels[labels==0].shapel0])
scaler=MinMaxScaler ((-1,1))

x=scaler.fit transform(features)

y=labels

X train,x test,y train,y test=train test split(x, y, test size=0.2,
random state=7)

model=XGBClassifier (eval metric='mlogloss')

model.fit (x train,y train)

Output - XGBClassifier (base score=0.5, booster='gbtree',
colsample bylevel=1,
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colsample bynode=1, colsample_bytree=1, eval metric="mlogloss',
gamma=8, gpu_id=-1, importance type='gain',
interaction_constraints='", learning_rate=@.300000012,

max_delta_step=@, max_depth=6, min_child weight=1, missing=nan,

monotone_constraints='()"', n_estimators=188, n_jobs=4,

num_parallel tree=1, random_state=0, reg alpha=8, reg_lambda=1,
scale_pos_weight=1, subsample=1, tree_method="exact',

use_label encoder=False, validate parameters=1, verbosity=None)

y_pred=model.predict (x test)

print (accuracy score(y test, y pred)*100)

Output - 94.87179487179486

from sklearn.metrics import confusion matrix
pd.DataFrame (

confusion matrix(y test, y pred),

columns=["'Predicted Healthy', 'Predicted Parkinsons'],

index=['True Healthy', 'True Parkinsons']

Predicted Healthy Predicted Parkinsons

True Healthy 6 1

True Parkinsons 1 21

.Random Forest EE Y1 . XGBoost &)l s> dawl s 794 s gl

Ll syl ol o =S QleSay Sy (Labenl 5l Decision trees SLAN sl o
Los «Jlb T2 pruned LpediS o2 o Looydcdl $5lasell de gazes +l 5l (3 OVerifiting
A5l Lghad Gon

*SVM calo

SVM el aze Al o jlow¥ly il o) (6,31 203 05

2l Jase O Sl G pmlly gl sl L isdieins LA dass- AT £s) ) 55 Ll
B et (e Bl g 8 GULL Sk p sk el ML AT b pusens (U1 IS
OS5 Loy halglly LI

23 I

#fitting the model in SVM
classifi2.fit(x_train,y train)
print (accuracy score(y test, y2 pred)*100)
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from sklearn.svm import SVC
classifi2 = SVC()
#predicting reults

Output-

87.17948717948718

y2 pred = classifi2.predict (x test)

83dowall UL A2 sazeed 7 87 diy 35 SVMs J 2,5 550 gl

Predicted Healthy Predicted Parkinsons

True Healthy 2 5

True Parkinsons 0 32

¢KNN ga lo

wleilsdl 31 e d>ly K-Nearest Neighbours (KNN) &)l Ja
iy oS ples e JSS muls B e padens A1y JYI ol Gadsned|
SULI Bl fans oy 0385 guasmd s SULI bl Wb o5 ) a0l 5l Jo e
B dgnadl Aol dbloell s 55 lieall

23 S
from sklearn.neighbors import KNeighborsClassifier
from sklearn.decomposition import PCA
pca = PCA(n_components = 2)
X train = pca.fit transform(x train)

X_test = pca.transform(x_test)

variance = pca.explained variance ratio_
classifi = KNeighborsClassifier (n neighbors = 8,p=2,metric
="'minkowski"')

classifi.fit(x train,y train)

y _pred = classifi.predict(x_test)

from sklearn.metrics import confusion matrix,accuracy score
#KNN model

cm=confusion matrix(y test,y pred)

accuracy_score(y test,y pred)

Output - 0.8974358974358975
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fRandom Forest ,a Lo

G LY Ol e e Ldal) Grazes lds] Random Forest 51 sl LI A
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df.drop ('status', axis=1)

X X.drop ('name', axis=1)
y = df['status']

from sklearn.model selection import train test split

X train, X test, y train, y test = train test split(X, vy,
random_state=1)

from sklearn.ensemble import RandomForestClassifier

random forest = RandomForestClassifier (n_estimators=30, max depth=10,
random_ state=1)

random forest.fit(x train, y train)

from sklearn.metrics import accuracy score

y_predict = random forest.predict (x test)

accuracy_score(y_test, y predict)

Output - 0.9387755102040817

Random Forest shows accuracy 93% almost less then XGBoost Algorithm.

from sklearn.metrics import confusion matrix

pd.DataFrame (

confusion matrix(y test, y predict),
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columns=["'Predicted Healthy', 'Predicted Parkinsons'],
index=['True Healthy', 'True Parkinsons']

)
aydiang Al
XGBoOst il s dal 5 dx3 sradl SULLU heatmap &l > day > 350 Les (oY

import seaborn as sns

sns.heatmap(a, cmap ='RdY1lGn', linewidths = 0.30, annot = True)
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Sl SULs Sl A e 15 e sl 5l Lol 55 a2l 2 XGBoost

Tue Healthy

Tue Parkinscns
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Classifying DNA Sequences using machine learning
bioinformatics & ol L3l shaadl (e CaiSELS g okl el 1 s Y-
fae ) Slgznall SNy (KNIN) 0l o 312K Sl )l g5 G oSle 30 plutsenly
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# To make sure all of the correct libraries are installed, import each
module and print the version number

import sys
import numpy
import sklearn
import pandas

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

print ('Numpy: {}'.format (numpy. version ))

print ('Sklearn: {}'.format (sklearn. version_ ))

print ('Pandas: {}'.format (pandas._ version_ ))

Python: 2.7.13 |Continuum Analytics, Inc.| (default, May 11 2017, 13:1

7:26) [MSC v.1500 64 bit (AMD64)]
Numpy: 1.14.0
Sklearn: 0.19.1

Pandas: 0.21.0

# Import, change module names
import numpy as np

import pandas as pd
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# import the uci Molecular Biology (Promoter Gene Sequences) Data Set

url = 'https://archive.ics.uci.edu/ml/machine-learning-
databases/molecular-biology/promoter-gene-sequences/promoters.data’
names = ['Class', 'id', 'Sequence']

data = pd.read csv(url, names = names)
print (data.iloc[0])

Class +
id S10
Sequence \t\ttactagcaatacgcttgcgttcggtggttaagtatgtataat. ..

Name: 0, dtype: object
bl 8 gon 0] dé1Lell dalleoll :2 5gnAll

ol |5 adlne ] i A s tplasndl) el JSC2 od UL
Lol oy

.y Pandas ULy ] eLis] Go,b e Lo Aol OUL o gaes el @
3 see SIS Al Joms o) s ol ULy 5 (50 JS e Gl @

# Building our Dataset by creating a custom Pandas DataFrame
# Each column in a DataFrame is called a Series. Lets start by making
a series for each column.

classes = data.loc[:, 'Class']
print (classes[:5])

+

0
1
2
3
4

+ o+ o+ +

Name: Class, dtype: object
S e Judass RSB LIS .

# generate list of DNA sequences
sequences = list(data.loc[:, 'Sequence'l])
dataset = {}

# loop through sequences and split into individual nucleotides
for i, seqg in enumerate (sequences) :

# split into nucleotides, remove tab characters
nucleotides = list (seq)
nucleotides = [x for X in nucleotides if x != "\t']

# append class assignment
nucleotides.append(classes[i])

# add to dataset
dataset[1i] = nucleotides

print (dataset[0])
[ltl, lal, lcl, ltl, lal, lgl, lcl, lal, lal, ltl, lal, lcl, lgl, lcl,
ltl, ltl, lgl, lcl, lgl, ltl, ltl, lcl, lgl, lgl, ltl, lgl, lgl, ltl,

ltl, lal, lal, lgl, ltl, lal, ltl, lgl, ltl, lal, ltl, lal, lal, ltl,



VgV, VCV, VgV, VCV, VgV, VgV, VgV, VCV, VtV, ltl’ lgl’ ltl’ 'C', lgl’
ltl, l+lj|

# turn dataset into pandas DataFrame

dframe = pd.DataFrame (dataset)

print (dframe)

0 1 2 3 4 5 6 7 8 9 ... 96 97 98 99 100 101 10
2\

0 t t g a t a ¢} t ¢} t ¢} ¢} t a g c
g

1 a g t a [} g a t g t o] g a g a c
t

2 c c a t g g g t a t g c t a g t
a

3 t t ¢} t a g g ¢} ¢} t a t g g a ¢}
t

4 a a t g t g g t t a g a a g g a
t

5 g t a t a c g a t a t g c g c a
c

6 c c g g a a g c a a a g c t a t
t

7 a c a a t a t a a t g a g g t g
c

8 a t g t t g g a t t a c a t g g
a

9 t g a g a g g a a t c t a a t c
a

10 a a a t a a a a t c c t c c c c
c

11 c c c g c g g c a c c t g t a t
a

12 g a t t t g g a c t t ¢} a ¢} g ¢}
a

13 c g a a a a a c t c t t g c c t
g

14 t t g t t t t t g t a t t a c a
a

15 t t t c t g t t c t g g c a t a
t

16 9 9 g9 9 9 g t g g g a t a g ¢ a
t

17 ¢} t ¢} a a a a a a t g t a a g C
a

18 g c a a c a a t c c a g t a a g
a

19 t a t g g a g a a a g a ¢} g ¢} g

Q
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20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

dlioll g e < JDI ol
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43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

@0 ~J o U W N O

11
12
13
14

103

Q@ o Q & » Q 0 @ Q0 Y Q 0 Q

104

QO Q Q & » » o & a Q0 Q9 o d Q

c a ¢ g a g ¢ c t a ¢

t t g a g ¢ a g a t t

a a ¢ g ¢ t a ¢ a g g

a ¢ ¢ t ¢ t t ¢ a t t

c t t ¢ ¢ ¢ g a t t g

c a ¢ ¢ a a a ¢ g a a

a a ¢ g t a a c c a a

c ¢ g t ¢ ¢ a a t t c

c a t t a a t ¢ t ¢ a

c a g t t g g t t g t

g a g a g a g g c ¢t

g ¢ t g a a t a t t a

c t a g a ¢ t ¢ t t t

g ¢ g t t a t a g t t

+ + + + 4+  + 4+ 4+ - - -
105

t

a

a

c

a

t

t

a

a

t

a

a

a

t

a
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15

16
17

18

19

20

21

22

23

24

25

26

217

28

29

30
31

32
33
34

35

36
37
38

39
40
41

42
43

44
45

46
47
48

49
50

51

52
53
54
55
56
57

[58 rows x 106 columns]
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# transpose the DataFrame
df dframe.transpose ()
print(df.iloc[:5])

0 1 2 3 4 5 6 7 8 9

0 t a ¢ t a g c a a ¢t g c
l1 t g c t a t c ¢ t g c a
2 g t a c t a g a g a c a
3 a a t t g t g a t g a a
4 t ¢c g a t a a t t a c c

[5 rows x 58 columns]

t

Q Q Q

48 49 50 51 52

t

o a

LI s

Q@ O Q9 Q o u
a o0 o o u
O Q0 v Q9 u
Q@ a0 Q @ U

+ o+ o+ o+ o+

Al Y OB W] 5 goe o Ao Les sl J2l e 0

# for clarity,

df.rename (columns = {57: 'Class'}, inplace =
print (df.iloc[:5])

01 2 3 4 5 6 7 8 9 48 49 50

0 t a ¢ t a g c a a ¢t g c

l1 t g c t a t c c¢c t g c a

2 g t a c¢c t a g a g a c a

3 a a t t g t g a t g a a

4 t ¢c g a t a a t t a c c

[5 rows x 58 columns]
# looks good!
we can pick the most suitable
# algorithms for this data

df.describe ()

0 1 2 3 4 5 6 7 8 9 48

count 106 106 106 106 106 106 106 106 106 106 106
unique 4 4 4 4 4 4 4 4 4 4 .. 4
top 1 a8 a c a a a a a8 a C
freq 38 34 30 30 36 42 38 34 33 3% 36

4 rows x 58 columns

lets rename the last dataframe column to class

True)

1 52 53 54 55 56 Class
t t g t ¢ g t

t ¢ g ¢ c¢c a a

c ¢c ¢c g g c g

c a a a ¢ t c

g t g g t a g

. [ el

51 52

106 106

33035

56

106

34

+ + + o+ o+

Let's start to familiarize ourselves with the dataset so

Class

Joredl Bod o e 20 A Slod| OV L3S Sleglaes Ui Y il 0

Jdus JS

106

53

# desribe does not tell us enough information since the attributes are

text.

series [

for name in df.columns:
series.append (df [name] .value counts())

info
details

pd.DataFrame (series)
info.transpose ()

Lets record value counts for each sequence
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print (details)

@ 1 2 3 4 5 [ 7 8 9 ... 48
+ Nall NaN NaN Nal NaN Nal NaN Nal Nal NaN ... NaN
- Nall NaN NaN Nal NaN Nal NaN Nal Nal NaN ... NaN
a 26.80 34.0 30.0 22.@ 36.0 42.6 38.9 34.8 33.9 36.0 ... 23.0
c 27.@ 22.¢ 21.e 3@.e 19.e 18.6 21.9 20.© 22.9 22.0 ... 36.0
g 15.e 24.¢ 28.0 28.@¢ 29.e 22.6 17.9 20.8 19.9 208.0 ... 26.0
t 38.8 26.0 27.0 26.@ 22.0 24.6 30.9 32.0 32.9 28B.0 ... 21.09

49 50 51 52 53 54 55 56 Class
+ Nall NaN NaN Nal NaN Nal NaN Nal 53.@
- Nall NaN NaN Nal NaN Nal NaN Nal 53.@
24.9¢ 28.9 27.90 25.80 22.0 26.0 24.0 27.0© Nal
42.8 31.8 32.0 21.8 32.0 29.0 29.8 17.@ Nal
18.@¢ 24.9 14.0 25.8 22.0 28.0 24.0 28.0 Nal
22.8 23.8 33.9 35.9¢ 38.0 23.0 29.9 34.@ MaM

+m N oW

[6 rows x 58 columns]

Sl SULI e JY el Slagyl ris biSey ¥ sl spnd @
el J iy e (2 @i "String

# Unfortunately, we can't run machine learning algorithms on the data

in 'String' formats. As a result, we need to switch

# it to numerical data. This can easily be accomplished using the
pd.get dummies () function

numerical df = pd.get dummies (df)

numerical df.iloc[:5]

0

0

0

Oa 0c 0g 0t 1a 1¢ 1g 1t 2a 2c¢c .. 55a 55¢ 55¢g 55t 56a 56c¢c 56g 56t Class + Class -
0 0o 0 0 1 1 0 0 0 0 1. 0 0 1 0 0 0 0 1 1
1 0 0 0 1 0 0 1 0 0 1 = 1 0 0 0 1 0 0 0 1
2 0o 0 1 0 0 0 0 1 1 0 . 0 1 0 0 0 0 1 0 1
3 1 0 0 0 1 0 0 0 © 0 = 0 0 0 1 0 1 0 0 1
4 0 0 0 1 0 1 0 0 0 0 . 1 0 0 0 0 0 1 0 1

5 rows x 230 columns

ooy e I o Aot o5 Lol 8 20 Lies Bl (o500 DS Jl s ¥ @

."Class"
# We don't need both class columns. Lets drop one then rename the
other to simply 'Class'.
df = numerical df.drop(columns=['Class -'])

df.rename (columns = {'Class +': 'Class'}, inplace = True)
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print(df.iloc[:5])

a a

_a ¢ B g e_t a 1c¢c g 1.t 2a 2c 54 t 55_a 55 _c \
4] 5] Q (5] 1 1 a 5] Q (5] 1 a @ (5]
1 a <] =] 1 ¢} e 1 <] =] 1 e 1 =]
2 a <] 1 a 5] <] 4] 1 1 a e ] 1
3 1 Q 5] a 1 a 5] Q 5] a a @ 5]
4 5] a 5] 1 5] 1 5] a 5] 5] 1 1 5]
55 g 55t 56_a 56_c G56_g 56_t Class
5] 1 Q e %] 5] 1 1
1 @ <] 1 @ e e 1
2 ] Q a @ 1 a 1
3 %] 1 e 1 a 5] 1
4 @ <] 8 @ 1 e 1

[5 rows x 229 columns]

Sl Copdl Wlly Ole gora (1 Juadl) model_selection pldl o

# Use the model selection module to separate training and testing
datasets
from sklearn import model selection

# Create X and Y datasets for training
X = np.array(df.drop(['Class'], 1))
y = np.array(df['Class'])

# define seed for reproducibility
seed = 1

# split data into training and testing datasets
X train, X test, y train, y test = model selection.train test split(X,
y, test size=0.25, random state=seed)

il alio jjlga Juiilg yyai :3 6ghall

Ly Lol 5LVl oyl bl Oole gaes ¢l L s UL dodlnes Lad ot oY
doech Badaie 3l Hlasl Ll Jeudl o il il i)l 55 Geadl Sy
gyl p Ailedes a5 8 e o1l &5l p g8 O g (U

Lol 15l oy el LSy by ol DL o gazes Lol el O dm 031 @
.L&ﬂJﬁﬁkﬂy blass %ﬁj)bé-LF:J[ﬁlw\L;lcflh;w

255 BN b e ooVl plie am il J Ual b sklearn s @
LA

# Now that we have our dataset, we can start building algorithms!
We'll need to import each algorithm we plan on using

# from sklearn. We also need to import some performance metrics, such
as accuracy_score and classification_report.

from sklearn.neighbors import KNeighborsClassifier

from sklearn.neural network import MLPClassifier

from sklearn.gaussian process import GaussianProcessClassifier
from sklearn.gaussian process.kernels import RBF

from sklearn.tree import DecisionTreeClassifier
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from sklearn.ensemble import RandomForestClassifier,
AdaBoostClassifier

from sklearn.naive bayes import GaussianNB

from sklearn.svm import SVC

from sklearn.metrics import classification report, accuracy score

# define scoring method
scoring = 'accuracy'

# Define models to train
names = ["Nearest Neighbors", "Gaussian Process",

"Decision Tree", "Random Forest", "Neural Net", "AdaBoost",
"Naive Bayes", "SVM Linear", "SVM RBF", "SVM Sigmoid"]

classifiers = [

KNeighborsClassifier (n_neighbors = 3),
GaussianProcessClassifier (1.0 * RBF(1.0)),
DecisionTreeClassifier (max depth=5),
RandomForestClassifier (max depth=5, n estimators=10,

max features=1),

_MLPClassifier(alpha:l),
AdaBoostClassifier(),

GaussianNB (),
SVC (kernel = 'linear'),
SVC (kernel = 'rbf'),
SVC (kernel = 'sigmoid')
1
models = zip(names, classifiers)

# 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)

Nearest Neighbors: 0.823214 (0.113908)
Gaussian Process: 0.873214 (0.056158)
Decision Tree: 0.750000 (0.185405)
Random Forest: 0.580357 (0.106021)

C:\Programdatal\anaconda2\lib\site-packages\sklearn\neural network\mult

ilayer perceptron.py:564: ConvergenceWarning: Stochastic Optimizer: Ma

ximum iterations (200) reached and the optimization hasn't converged y
et.

o

% self.max iter, ConvergenceWarning)

Neural Net: 0.887500 (0.087500)
AdaBoost: 0.912500 (0.112500)
Naive Bayes: 0.837500 (0.137500)
SVM Linear: 0.850000 (0.108972)
SVM RBF: 0.737500 (0.117925)
SVM Sigmoid: 0.569643 (0.159209)
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# Remember, performance on the training data is not that important. We
want to know how well our algorithms

# can generalize to new data. To test this, let's make predictions on
the 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))

# Accuracy - ratio of correctly predicted observation to the total
observations.

# Precision - (false positives) ratio of correctly predicted positive
observations to the total predicted positive observations

# Recall (Sensitivity) - (false negatives) ratio of correctly
predicted positive observations to the all observations in actual
class - yes.

# F1 score - Fl1 Score is the weighted average of Precision and Recall.
Therefore, this score takes both false positives and false

Nearest Neighbors
@.7777777777T7IITE

precision recall fl-score support

a 1.00 @.65 @.79 17

1 8.62 1.00 a.77 10

avg / total .86 8.78 @.78 27

Gaussian Process
©.8888588888388888

precision recall fl-score support

] 1.08 @.82 @.98 17

1 8.77 1.60 @.87 1@

avg / total 8.91 8.89 @.89 27

Decision Tree
Q. 777TTITTITI7T778

precision recall fl-score support

a 1.08 @.65 a.79 17

1 8.62 1.00 a.77 18

avg / total ©.86 9.78 @.78 27

Random Forest
©.5925925925925526

precision recall fl-score support
a 6.88 8.41 @.56 17
1 e.47 @.90 @.62 18

avg / total 8.73 @.59 @.58 27
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Neural Het
8.9259259259259259

precision recall fl-score support
2] 1.6e 9.88 @.94 17
1 8.83 1.00 @.91 10
avg / total 8.94 8.93 @.93 27
AdaBoost
©.8518518518518519
precision recall fl-score support
2] 1.68 8.76 a.87 17
1 8.71 1.00 9.83 10
avg / total 8.89 9.85 9.85 27

Naive Bayes
8.9259259259259259

precision recall fl-score support
2] 1.6e 9.88 @.94 17
1 @.83 1.e0 @.91 10
avg / total 8.94 8.93 @.93 27
SVM Linear
8.9629629629629629
precision recall fl-score support
2] 1.6e 8.94 @.97 17
1 e.91 1.e00 @.95 10
avg / total 8.97 8.96 @.96 27
SVM RBF
Q.7777777777777778
precision recall fl-score support
[} 1.8 @.65 8.79 17
1 0.62 1.00 a.77 1@
avg / total 0.86 @.78 8.78 27

SVM Sigmoid
0.4444444444444444

precision recall fl-score support
[} 1.8 @.12 9.21 17
1 0.40 1.00 8.57 1@

avg / total .78 @.44 8.24 27
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Childhood Autistic Spectrum Disorder Screening using (JII

Machine Learning

RIS 1555 ] ]zl ol S 23Y Sl sl g3 of S
I\ PUPIEN [PUP PR EETCIE JUT YW (KT IO g CE VTR N JO S RV
e sl Autistic Spectrum Disorder (ASD) J>gl cab Ol sl Lol
Lae B3 205 el iy Jdoss 2T Sty o a1 pasliasdly 4S5kl e
Keras API plazeuly

UCI Machine Learning e dedis ©lly desere gymall Mo pddci

iegozes o ) gall Sy Laype 292 0 axb wlly e 525 I Repository
s e LI

el U Glgmdiinin 1 LSl amy sl o5 Vsl o e

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 f
or BLAS functions.

Python: 2.7.13 |Continuum Analytics, Inc.| (default, May 11 2017, 13:1
7:26) [MSC v.1500 64 bit (AMD64)]

Pandas: 0.21.0

Sklearn: 0.19.1

Keras: 2.1.4

bl dcgono alpiwl L1

oY 1l (U3 s *UCI Machine Learning Repository ;o SULI e Juazeon
Aol @3 bsradl zip Cils o35 J) el ctxt 51 csv cals $o3 g0 b UL
el ah il pa 83,0 )1 Sloshaodl T (5 a slgiV1 5 emy Lsdy UL
.Pandas

.CDU%J‘&P)Aq=n>b5;A\ o
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# import the dataset
file = 'C:/users/brend/tutorial/autism-data.txt'

# read the csv

data = pd.read table(file,

# print the shape of the DataFrame,

have

print 'Shape of DataFrame:

print data.loc[0]

Shape of DataFrame: (292, 21)

Al_Score
A2_Score
A3_Score
Ad_Score
A5_Score
AB_Score
A7_Score
AB_Score
AS_Score
Al@_Score
age
gender
ethnicity
jundice

family history_of_PDD
contry_of_res

used_app_before

result
age_desc
relation
class

Name: @, dtype:

obiject

sep =

v

’

', index_col = None)

Lo 01 A sie &%, e Sab s> (DataFrame SRS bl e

SO we can see how many examples we

{}'.format (data.shape)

200D DR RO

Others

no
no

Jordan

no
5

'4-11 years'
Parent

NO

# print out multiple patients
data.loc[:10]

A1 Score A2 Score

0 1

11 rows x 21 columns

1

A3 Score Ad Score

0

o

A5 Score A6 Score

.hlé;ﬁ‘griﬁ‘égsuéf03J9 C?b\

at the same time

A7 Score A8 Score
0 1

0 1

1

0 0

A9 Score

A10 Score

gender ethnicity jundice

m  Others no

“Middle

m  Others yes

Eastern

‘Middle
f o no

Eastern

family_history_of PDD

yes

contry_of res

Jordan

Jordan

Jordan

Jordan

United
States

Egypt

United
Kingdom’

Bahrain
Bahrain
Austria

United
Kingdom

UL LY Gy o bl 0
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# print out a description of the dataframe
data.describe ()
Al Score A2 Score A3 Score A4 Score A5 Score A6 Score A7 Score A8 Score A9 Score A10 Score result
count 292000000 292.000000 292.000000 292.000000 292.000000 292.000000 292.000000 292.000000 292.000000 292.000000 292.000000
mean 0633562 0.534247 0.743151 0.551370 0.743151 0712329 0.606164 0.496575 0.493151 0.726027 6.239726
std 0482658 0.499682 0437646 0498208 0437646 0453454 0482438 0.500847 0.500811 0.446761 2.284882

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

bl ddéunolldalleoll .2

Fodesl Ll Nl sdats dhes dadlae @l el SULIL degare i
Blasl p st dnaall LSl (o) 6 L Lgsldsennl & 5 Y Al (@lewdl) DataFrame
tstrings deatdl fudld pltsenly WLy o 2801 e Y1 0m (B8 Yl 5oV o
ixdlaadl 15T . categorical labels &35 land ) LSGLs L soen p s U Ao
o X (g5 Lo Y X by 2 peres ) Cal bl i somes i i)
bl obend 4 Y 5ol Laliseal b5 Al Slend! s

L O yall pd ihesYI Llin| o

# drop unwanted columns
data = data.drop(['result', 'age desc'], axis=1)

data.loc[:10]

Al Score A2 Score A3 Score A4 Score A5 Score A6 Score A7 Score AB Score A9 Score A10 Score age gender cthnicity jundice family history of PDD contry of res

[} 1 1 0 0 1 1 0 1 0 ] m  Others no no Jordar
1 1 1 0 0 1 1 0 1 0 0 6 m no ne Jordar
2 1 1 0 0 0 1 1 1 0 0 6 m ? no ne Jordar
3 0 1 0 0 1 1 0 0 0 108 f 7 yes no ordar
4 1 1 1 1 1 1 1 s m  Others  yes no Unied
E States
5 0 0 1 0 1 1 0 1 0 14 m ? no yes Egypt
1 United
3 1 0 1 0 1 0 1S m no ne
Kingdom
7 1 1 1 1 1 1 1 0 0 s 7 s no no Bahrair
Eastern
[ 1 1 1 1 1 0 0 0 m f no no Bahrair
s 0 0 1 1 1 0 1 1 0 0 m f ? no yes Austriz
10 1 0 0 0 1 1 110 m yes ne

.g_a)JLU \(j )(,Cabkﬁ CJLQ}Aena;LiJ\ o

&

# create X and Y datasets for training
data.drop(['class'], 1)
data['class']

X
[



287

dlioll g e < JDI ol

x.loc[:10]

contry_of_res

A1Score A2 Score A3 Score Ad Score A5 Score A6 Score A7 Score AS Score A9 Score A10 Score age gender ethnicity jundice family_history_of PDD

0 1 1 0 0 1 1 0 1 0 0 m  Otes no no

1 1 1 0 a 1 1 0 1 0 [ o D no no
Eastern

2 1 1 0 0 0 1 1 0 0 6 m ? no no

3 [ 1 0 0 1 1 0 0 0 1 5 1 ? yes no

4 1 1 1 1 1 1 1 1 1 5 m Others yes no

5 ] 0 1 0 1 1 0 1 o 1 4 m ? na yes

6 1 0 1 1 1 0 1 0 1 s m _ White no ne
European

7 1 1 1 1 1 1 1 0 0 5 1 e no no

[ 1 1 1 1 1 1 J oon ¢ Middie no no
Eastern

8 0 Q 1 1 1 0 1 1 Q o n ? no yes

10 1 0 0 0 1 1 1 1 110 mo W o
European Y

. . LR - - e . .l -
one-hot- u"L“ J>| R <ld upr — s V.:ﬁ Jf\_ ubl.xj\ J:')?r_’ (]
.encoded

# convert the data to categorical values - one-hot-encoded vectors

X = pd.get dummies (x)
e

Aol L gl sdes Yl Olans il @

# print the new categorical column labels

X.columns.values

array(['Al_Score', 'A2 Score’,
"AG_Score’,

‘age_18"',
‘age_9'

'ethnicity_Hispanic',
‘ethnicity_Pasifika',
‘ethnicity_White-European’,
'family history_of PDD_no',
"contry_of_res_'Costa Rica

2

"A7_Score',
'age_11",
‘age_?',
"ethnicity_'Middle Eastern
'ethnicity ?',

'age_4',
'gender_f',

'A3_Score',
'A8_Score',

'age 5",
‘gender_m',

"Ad_Score',
"A9_Score',
'age_6',

"AS_Score',
"Al®_Score',
‘age 7',

'age_8',

"ethnicity_'South Asian'",

'ethnicity Asian',

'ethnicity Black',
'ethnicity_Latino',

‘ethnicity_Turkish',

"jundice_no’,
"family_history_of_ PDD_yes',
, "contry of_res_'Isle of Man'",

'ethnicity_Others’,

"jundice_yes’,

"contry_of_res_'New Zealand'", "contry_of_res_'Saudi Arabia'",
"contry_of_res_'South Africa'", "contry_of res_'South Korea'",

"contry_of_res_'U.S. Outlying Islands'",
"contry_of_res_'United Arab Emirates'",

"contry_of_res_'United Kingdom

'contry_of_res_Afghanistan',

'contry_of_res_Armenia',
‘contry_of_res_Austria',

'contry_of_res_Bangladesh',

'contry_of_res_Brazil',
'contry_of_res_Canada’,

'contry_of_res_Egypt',

‘contry_of_res_Ghana',

'contry_of_res_Ireland',

'contry_of_res_lapan',

'contry_of_res_Kuwait',
'contry_of_res_Lebanon',

‘contry_of_res_Malaysia',

'contry_of_res_Mexico',

'contry_of_res_Netherlands',
'contry_of_res_Oman',
‘contry_of_res_Philippines"',

'contry_of_res_Australia',
'contry_of_res_Bahrain®,
"contry_of_res_Bhutan',
'contry_of_res_Bulgaria®,

3

"contry_of_res_'United States'",

‘contry_of_res_China',
'contry_of_res_Europe’,
'contry_of_res_Georgia',

'contry_of_res_Germany”,
'contry_of_res_India',

'contry_of_res_Italy',

'contry_of_res_Jordan',

'contry_of res_latvia',
‘contry_of_res_Libya',

'contry_of_res_Malta’',

'contry_of_res_Nepal',

"contry_of_res_Nigeria',

'contry_of_res_Pakistan',

'contry_of_res_Romania',
'contry_of_res_Sweden',
"contry_of_res_Turkey',
'used_app_before_yes', "relation_'Health care professional'",
"relation_Parent’,

‘relation_?",
‘relation_Self’,

"contry_of_res_Qatar’',

'contry_of_res_Russia',
'contry_of_res_Syria',
'used_app_before_no',

'relation_Relative',
‘relation_self'], dtype=object)

"contry_of_res_Argentina',

‘contry_of_res_Iraq’

ordar

Jordar

Jordar
Jordar

United
States

Egypt

United
Kingdom

Bahrair

Bahrair

Austriz

United
Kingdom

0
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# print an example patient from the categorical data
X.loc[1]

Al Score

A2 Score

A3 Score

A4 Score

A5 Score

A6 _Score

A77_Score

A8 Score

A9 Score

Al10 Score

age_10

age 11

age 4

age 5

age_6

age_7

age_8

age 9

age_?

gender f

gender m

ethnicity 'Middle Eastern '
ethnicity 'South Asian'
ethnicity ?
ethnicity Asian
ethnicity Black
ethnicity Hispanic
ethnicity Latino
ethnicity Others
ethnicity Pasifika

OO OO OO0 OFHRPRRFPFOOOOOHFrROOOOOOrHr O P OORFRF

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

ol NeoloBeol s leooloBololeoloNolololololololNololoNoll el
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relation_Self 0
relation_self 0
Name: 1, Length: 96, dtype: int64

IR PRIV FUHL YT PV —dgd o Jledl obly fs e
# convert the class data to categorical values - one-hot-encoded

vectors
Y = pd.get dummies (y)

Y.iloc[:10]

NO YES

0
0
0
0
1
0
1
1
1
0

W B N A W B W N = O

Juialg wyjai bl aulegoaon Jl bl degono ouuudi .3
Sy Sle gazes I SLLII e gozes qens J] o el LS o s of 43
Lo (se dpntoed oyl i O g LS Ly SIS W s L2515 55
DA el e A Ugw 3okl ada dddndl SULI o pendl B

Iscikit-Learn s 34 ol train test split()

from sklearn import model selection
# split the X and Y data into training and testing datasets
X _train, X test, Y train, Y test = model selection.train test split(X,

Y, test_size = 0.2)

print X train.shape
print X test.shape
print Y train.shape
print Y test.shape

(233, 96)
(59, 96)
(233, 2)
(59, 2)

JUlA - dA LIl el .4
G U el M &S gyl s LSt s L Keeras pubdeien (g piall a3
il B2 D p ek (LSO At sy Gl G 123) 228 i s poliianns
Adam sl foos pasendy sy Lise b e B gponn Ggs SV
olis 35 o) .categorical crossentropy loss dxblics s 5l 55l coptimizer
s Gl Jigs sl dab J8 Ghaandl LI sus rw{dm Joo Sladaadl s
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Keras plaseunl dnae Ll o

# build a neural network using Keras
from keras.models import 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=96, kernel initializer='normal',
activation="relu'))

model.add (Dense (4, kernel initializer='normal',
activation='relu'))

model.add (Dense (2, activation='sigmoid'))

# compile model

adam = Adam(1lr=0.001)

model.compile (loss='categorical crossentropy', optimizer=adam,
metrics=['accuracy'])

return model

model = create model ()

print (model.summary ())

Layer (type) Output Shape Param #
dense_izz;:::e) T (None, 8)::::: ::;;;:
dense_2 (Dense) (None, 4) 36
dense_3 (Dense) (None, 2) 10

Total params: 822
Trainable params: 822

Non-trainable params: @

None
a4l (yjyai 5
-model fit() sl Jro Loy Keras g3 g0 ) R el eds ol
.gfi)xﬁ\CJUEgcf G?jﬁﬂ‘&ff)J: °

# fit the model to the training data
model.fit (X train, Y train, epochs=50, batch size=10, verbose = 1)

Epoch 1/50

233/233 [ ] - Os 288us/step - loss: 0.692
7 - acc: 0.5794

Epoch 2/50

233/233 [ ] - Os 245us/step - loss: 0.691

0 - acc: 0.7210
Epoch 3/50
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233/233 [

8 - acc: 0.7639
Epoch 4/50
233/233 [

] - Os

9 - acc: 0.7082
Epoch 5/50
233/233 [

9 - acc: 0.8541
Epoch 6/50

233/233 [
0 - acc: 0.8283
Epoch 7/50

233/233 [
3 - acc: 0.8541
Epoch 8/50

233/233 [

6 — acc: 0.9399
Epoch 9/50
233/233 [

4 - acc: 0.8884
Epoch 10/50
233/233 [

0 - acc: 0.9227
Epoch 11/50

233/233 [
3 - acc: 0.9313
Epoch 12/50

233/233 [
5 - acc: 0.9614
Epoch 13/50

233/233 [

8 - acc: 0.9657
Epoch 14/50
233/233 [

7 - acc: 0.9657
Epoch 15/50
233/233 [

8 - acc: 0.9871
Epoch 16/50

233/233 [
5 - acc: 0.9700
Epoch 17/50

233/233 [
9 - acc: 0.9828
Epoch 18/50

233/233 [

8 - acc: 0.9785
Epoch 19/50
233/233 [

8 - acc: 0.9871
Epoch 20/50
233/233 [

4 - acc: 0.9871
Epoch 21/50

233/233 [
0 - acc: 0.9871
Epoch 22/50

233/233 [
0 - acc: 0.9871
Epoch 23/50

233/233 [

2 - acc: 0.9914
Epoch 24/50

258us/step

236us/step

236us/step

305us/step

227us/step

305us/step

240us/step

227us/step

322us/step

245us/step

296us/step

330us/step

305us/step

313us/step

309us/step

335us/step

343us/step

399us/step

416us/step

343us/step

36lus/step

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

.686

.677

.661

.634

.596

.544

.422

.360

.125

.075
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233/233 [
4 - acc: 0.9957
Epoch 25/50

233/233 [
4 - acc: 0.9957
Epoch 26/50

233/233 [

5 - acc: 0.9957
Epoch 27/50
233/233 [

1 - acc: 1.0000
Epoch 28/50
233/233 [

6 - acc: 0.9957
Epoch 29/50

233/233 [
4 - acc: 1.0000
Epoch 30/50

233/233 [
3 - acc: 0.9957
Epoch 31/50

233/233 [

1 - acc: 1.0000
Epoch 32/50
233/233 [

1 - acc: 1.0000
Epoch 33/50
233/233 [

7 - acc: 1.0000
Epoch 34/50

233/233 [
1 - acc: 1.0000
Epoch 35/50

233/233 [
6 - acc: 1.0000
Epoch 36/50

233/233 [

4 - acc: 1.0000
Epoch 37/50
233/233 [

2 - acc: 1.0000
Epoch 38/50
233/233 [

1 - acc: 1.0000
Epoch 39/50

233/233 [
3 - acc: 1.0000
Epoch 40/50

233/233 [
2 - acc: 1.0000
Epoch 41/50

233/233 [

6 - acc: 1.0000
Epoch 42/50
233/233 [

3 - acc: 1.0000
Epoch 43/50
233/233 [

3 - acc: 1.0000
Epoch 44/50

233/233 [
3 - acc: 1.0000
Epoch 45/50

Os

Os

Os

Os

Os

Os

Os

Os

Os

Os

Os

356us/step

309us/step

339us/step

335us/step

429us/step

335us/step

322us/step

296us/step

348us/step

322us/step

292us/step

305us/step

335us/step

322us/step

236us/step

339us/step

223us/step

326us/step

326us/step

219us/step

215us/step

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

.071

.047

.029

.028

.028

.025

.025

.022

.021

.020
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233/233 [ ] - 0Os 318us/step - loss: 0.019
0 - acc: 1.0000

Epoch 46/50

233/233 [ ] - Os 232us/step - loss: 0.017
6 - acc: 1.0000

Epoch 47/50

233/233 [ ] - Os 215us/step - loss: 0.016
3 - acc: 1.0000

Epoch 48/50

233/233 [ ] - 0s 202us/step - loss: 0.016
1 - acc: 1.0000

Epoch 49/50

233/233 [ ] - Os 240us/step - loss: 0.015
4 - acc: 1.0000

Epoch 50/50

233/233 [ ] - Os 223us/step - loss: 0.015
0 - acc: 1.0000

clallg Juiall yuuléo .6

o el DLVl SULy e sazes e ol jLesl J] gbow bl sad o o5 455 0V
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# generate classification report using predictions for categorical
model
from sklearn.metrics import classification report, accuracy score

predictions = model.predict classes(X_ test)

predictions

array(f1, o, o, 0, o, 0, 1, o, 1, o, o, 1, 0, o, 1, 1, 1, 0, 1, 1, O,
ll

OI
1, o, 0, 0, 0, 0, O, 1, 0, 0, 1, 0, 1, O, 0], dtype=inté64)

print ('Results for Categorical Model')
print (accuracy score(Y test[['YES']], predictions))
print(classification_report (Y test[['YES']], predictions))

Results for Categorical Model
0.9661016949152542

precision recall fl-score support
0 0.97 0.97 0.97 36
1 0.96 0.96 0.96 23

avg / total 0.97 0.97 0.97 59
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Rainfall JII plcUl plhialwy jlaoll Jghay §Guil (42
Prediction using Machine Learning
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import pandas as pd

from google.colab import files

uploaded = files.upload()

full data = pd.read csv('weatherAUS.csv')
full data.head()

L:JULHJ' Gl - E . |
SULIS de sams (T P R G Ay .E.ko.p%}“} saall sde ye %j 32 b g
ol bas J) by ST L o

full data.shape

(142193, 24)


https://github.com/amankharwal/Website-data/blob/master/weatherAUS.csv
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full data.info()

@  Date 142193 non-null ebject
L 1 Lecation 142193 nmon-null object
2 MinTemp 141556 non-null floatsd
3  MaxTemp 141871 non-null floatsd
4 Rainfall 148787 non-null Floatéd
5 Evaporation B1358 mon-null floatsd
& Sunshine 74377 non-null  floated
7 WindGustDir 132863 non-null object
g  WindGustipeed 132223 non-null Floatéd
%  WindDirdam 132188 non-null eobject
18 WindDirZpm 138415 nen-null ebject

11 WindSpeed%am 148845 non-null floatss
12 WindSpeedipm 139563 nen-null floatss
13 Humidity9am 148419 non-null floatsd
14 Humidity3pm 138583 non-null floatss

15 Pressuredam 128179 nen-null floatss
16 Pressuredpm 128212 non-null float&s4
17 Cloud%am B8536 non-null  floatss
18 Cloud3pm 85899 non-null  floatss
19 TempSam 141289 non-null floatss
28 Templpm 139467 non-null floatss
21 RainToday 148787 nom=-null object

22 RISE_MM 142193 non-null floatsd

23 RainTomorrow 142193 non=null object
dtypes: floats4(17), object(7)
memory usage: 26.0+ MB

1

S I e 31 Gy (Y =) 0Ll s "RainTomorrow" 5 "RainToday’
1) (0/1)

full data['RainToday'].replace({'No': 0, 'Yes': 1},inplace = True)
full data['RainTomorrow'].replace({'No': 0, 'Yes': 1},inplace = True)

ie gazes COSTI3] L8 5o 51 &) 5e e UL de gazes COISTI3 Lo Gaoed O g (23 s
sl majority ] downsample = el ) L] oy od L3158 UL
g3 o) minority AAEN oo oversample & Js dbl Y

import matplotlib.pyplot as plt

fig = plt.figure(figsize = (8,5))

full data.RainTomorrow.value counts(normalize = True) .plot (kind='bar',
color= ['skyblue', 'navy'], alpha = 0.9, rot=0)

plt.title('RainTomorrow Indicator No(0) and Yes(l) in the Imbalanced
Dataset')

plt.show ()

RainTomorrow Indicator No(0) and Yes(1) in the Imbalanced Dataset

ol bdes b Js- dla 03] 78:22 &l G055 315 1" 5 "0" 3205 0 Lo o Leay
Zoe J31 3l Y1 ba pasei cclass imbalance 241 0315 pde &ylwed ans Jolas
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from sklearn.utils import resample

no = full data[full data.RainTomorrow == 0]

yes = full data[full data.RainTomorrow == 1]

yes oversampled = resample(yes, replace=True, n samples=len (no),
random state=123)

oversampled = pd.concat ([no, yes oversampled])

fig = plt.figure(figsize = (8,5))
oversampled.RainTomorrow.value counts (normalize =
True) .plot (kind="bar', color= ['skyblue',6 'navy'], alpha = 0.9, rot=0)

plt.title('RainTomorrow Indicator No(0) and Yes(l) after Oversampling
(Balanced Dataset)')
plt.show ()

RainTomorrow Indicator No(0) and Yes(1) after Oversampling (Balanced Dataset)
05

04

03

02

01

00

UL de gozms dmissing data > siiell UL CS,QJ o Gl O g Y

Date -

Location -
MinTemp -
MaxTemp -
Rainfall -
TEmp9am -
TEmp3pm |
RainToday -
RISK MM -
RainTomormow -

.
£
£
[l
c
7

Cloud9am - ||
Cloud3pm ||

c
2
T
™~
=]
a
m
=
i

WindGustSpeed -|
WindDirSam - |
WindDir3pm -|

WindSpeed9am -

WindSpeed3pm |

Humidity9am -
Humidity3pm -|
Pressure9am -
Pressure3pm -



297 alioll guybn e Dl ool

* Cloud3pm’ 5 "Cloud9%am’ 5 "Sunshine’ 5 "Evaporation” ol mslsl (s

Ol nadl ol 85 5280l OULI foold e 5w O g A 85 5240 Ao did DI Ol 3
Y

total = oversampled.isnull () .sum().sort values (ascending=False)

percent =

(oversampled.isnull().sum()/oversampled.isnull().count()).sort_values(

ascending=False)

missing = pd.concat([total, percent], axis=1l, keys=['Total',

'Percent'])

missing.head (4)

Total Percent
Sunshine 104831 0.475140
Evaporation 95411 0.432444
Cloud3pm 85614 @.388040
Cloud9am 81339 @.368664

oo e 1 BL 350 oo J3T Gy 835300 ULy e (5505 oY1 ol O Lt
il imputation eeazill e bzd ses (Blas Yl Gl Ll Leas,

Jgallg yroaill

Lo s><d label encoder &l il pddciin o o) g &gl sdasY! SUESLI
Comices a3y 3kas ) JalSON SULIY ] Jaaas ! oo Lo 3 e ady 1 )
Multiple Imputation by Chained ssasell 85 wall do o plddeinls 33 5220 (2l
.Equations (MICE)

Jsa>ll L 555 interquartile range o Slal sl & ol all Calostn o
kil Ol aeedl DLV e Gt O gan [T 2L ol UL i pazes e
AL Bl = Load] e b g L5,V 5 ol ieadl o Brgy L s 1305
oversampled.select dtypes(include=['object']) .columns

Index(['Date', 'Location', 'WindGustDir', 'WindDir9am', 'WindDir3pm'], dtype='object')

# Impute categorical var with Mode
oversampled['Date'] =

oversampled['Date'].fillna (oversampled['Date'].mode () [0])
oversampled['Location'] =

oversampled['Location'].fillna (oversampled['Location'] .mode () [0])
oversampled[ 'WindGustDir'] =

oversampled['WindGustDir'].fillna (oversampled['WindGustDir'] .mode () [0]
)

oversampled['WindDir%am'] =

oversampled|['WindDir9am'].fillna (oversampled['WindDir9am'] .mode () [0])
oversampled|['WindDir3pm'] =

oversampled['WindDir3pm'].fillna (oversampled['WindDir3pm'] .mode () [0])
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# Convert categorical features to continuous features with Label
Encoding
from sklearn.preprocessing import LabelEncoder
lencoders = {}
for col in oversampled.select dtypes(include=['object']).columns:
lencoders|[col] = LabelEncoder ()
oversampled([col] = lencoders[col].fit transform(oversampled[col])

import warnings

warnings.filterwarnings ("ignore")

# Multiple Imputation by Chained Equations

from sklearn.experimental import enable iterative imputer

from sklearn.impute import IterativeImputer

MiceImputed = oversampled.copy (deep=True)

mice imputer = IterativeImputer ()

MiceImputed.iloc[:, :] = mice imputer.fit transform(oversampled)

Lo eLally 3 Jamall o 2l oY) CateSin . "NaN" dod o o SLLII W] 06« Jls
inter-quartile interval-based data & Jl 1201 o Ao lddl QUL Ao pazes e

.set

# Detecting outliers with IQR
Q1 = MiceImputed.quantile(0.25)
Q3 = MiceImputed.quantile (0.75)
IOR = Q3 - Q1

print (IQR)

Date 1535.000000
Locaticn 25.008000
MinTemp 9.300800
MaxTemp 10.200000
Rainfall 2.400000
Evaporation 4.119679
Sunshine 5.947404
WindGustDir 9.000000
WindGustSpeed 19.006000
WindDir9am 8.000000
WindDir3pm 8.000000
WindSpeed9am 13.006000
WindSpeed3pm 11.000000
Humidity9am 26.0800000
Humidity3pm 30.000000
PressureSam 8.800000
Pressure3pm 8.800000
Cloud9am 4.000600
Cloud3pm 3.681346
Temp9am S.300000
Temp3pm 9.8008000
RainToday 1.0008000
RISK_MM 5.2008000
RainTomorrow 1.000000

dtype: float64

# Removing outliers from the dataset

MiceImputed = MiceImputed[~((MiceImputed < (Q1 - 1.5 * IQR))
| (MiceImputed > (Q3 + 1.5 * IQR))).any(axis=1)]
MiceImputed.shape
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# Correlation Heatmap

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

corr = MiceImputed.corr ()

mask = np.triu(np.ones_ like (corr, dtype=np.bool))

f, ax = plt.subplots(figsize=(20, 20))

cmap = sns.diverging palette (250, 25, as_cmap=True)

sns.heatmap (corr, mask=mask, cmap=cmap, vmax=None,

center=0, square=True, annot=True, linewidths=.5, cbar kws={"shrink":

-91)

Date -
Location - 0.017 -
MinTemp - 0.021 0.0073

Maxtemp - 0046 0012

Rainfall -0.012 0.006 0023 £.21 06
Evaporation - 0063 01 E 222
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MinTemp s MaxTemp e

. pressure3hs Pressure9h o

.Temp3pm s Temp9am e
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sns.pairplot ( data=MiceImputed,
vars=('MaxTemp', 'MinTemp', 'Pressure9am’', 'Pressure3pm', 'Temp9am',
'Temp3pm', 'Evaporation'), hue='RainTomorrow' )
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# Standardizing data

from sklearn import preprocessing

r scaler = preprocessing.MinMaxScaler ()

r scaler.fit (MiceImputed)

modified data = pd.DataFrame (r scaler.transform(MiceImputed),
index=MiceImputed.index, columns=MiceImputed.columns)

# Feature Importance using Filter Method (Chi-Square)

from sklearn.feature selection import SelectKBest, chi2

X = modified data.loc[:,modified data.columns!='RainTomorrow"']
y = modified data[['RainTomorrow']]

selector = SelectKBest (chi2, k=10)

selector.fit (X, vy)

X new = selector.transform (X)

print (X.columns[selector.get support (indices=True)])

Index(['Sunshine’, 'Humidity9am', 'Humidity3pm', 'PressureSam’', 'Pressure3pm’,
'Cloud9am’, 'Cloud3pm', 'Temp3pm', 'RainToday’', 'RISK MM'],
dtype="object")

JHumidity3am!" Humidity9am" .” Sunshine" ol by ol ksle

AN Olimall Bl el Laal L) " Pressure3pm" “ Pressure9am'

:(random forest &3l y2all 441) wrapping method GLed¥l 4z, ey (Jlaall Lo

from sklearn.feature selection import SelectFromModel
from sklearn.ensemble import RandomForestClassifier as rf

X = MiceImputed.drop ('RainTomorrow', axis=1)

y = MiceImputed['RainTomorrow']

selector = SelectFromModel (rf (n_estimators=100, random state=0))
selector.fit (X, vy)

support = selector.get support ()

features = X.loc[:,support].columns.tolist ()

print (features)

print (rf (n_estimators=100,

random state=0).fit (X,y).feature importances )

['Sunshine’, 'Cloud3pm', 'RISK_MM']

[0.00205993 ©.00215407 ©.00255089 ©.00367568 0.0102656 0.00252838
©.85894157 0.00143001 0.00797518 0.00177178 ©.00167654 ©.0014278
©.00187743 0.00760691 ©.03091966 ©.00830365 ©.01193018 ©.02113544
@.984962418 @.90270103 9.88513723 0.00352198 @.76074491]
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features = MiceImputed[['Location', 'MinTemp', 'MaxTemp', 'Rainfall',
'Evaporation', 'Sunshine', 'WindGustDir',

'WindGustSpeed', 'WindDir9am', 'WindDir3pm',
'WindSpeed9am', 'WindSpeed3pm', 'Humidity9am',

'Humidity3pm', 'Pressure9am', 'Pressure3pm',
'Cloud9am', 'Cloud3pm', 'Temp9am', 'Temp3pm',

'RainToday']]

target = MiceImputed['RainTomorrow']

# Split into test and train

from sklearn.model selection import train test split

X train, X test, y train, y test = train test split(features, target,
test size=0.25, random state=12345)

# Normalize Features

from sklearn.preprocessing import StandardScaler
scaler = StandardScaler ()

X _train = scaler.fit transform(X train)

X test = scaler.fit transform(X test)

def plot roc cur (fper, tper):
plt.plot (fper, tper, color='orange', label='ROC')
plt.plot ([0, 11, [0, 1], color='darkblue', linestyle='--"')
plt.xlabel ('False Positive Rate')
plt.ylabel ('True Positive Rate')
plt.title ('Receiver Operating Characteristic (ROC) Curve')
plt.legend()
plt.show ()

import time
from sklearn.metrics import accuracy score, roc_auc_score,
cohen_kappa_score, plot confusion matrix, roc_curve,
classification report
def run model (model, X train, y train, X test, y test, verbose=True) :

tO0=time.time ()

if verbose == False:

model.fit (X train,y train, verbose=0)
else:
model.fit (X _train,y train)

y _pred = model.predict (X test)

accuracy = accuracy score(y_test, y pred)

roc_auc = roc_auc_score(y test, y pred)

coh kap = cohen kappa score(y test, y pred)

time taken = time.time ()-tO0

print ("Accuracy = {}".format (accuracy))

print ("ROC Area under Curve = {}".format (roc_auc))

print ("Cohen's Kappa = {}".format (coh kap))

print ("Time taken = {}".format (time taken))

print(classification report(y test,y pred,digits=5))

probs = model.predict proba (X test)
probs = probs[:, 1]



303 dlioll g e < JDI ol

fper, tper, thresholds = roc curve(y test, probs)
plot roc cur (fper, tper)

plot confusion matrix(model, X test, y test,cmap=plt.cm.Blues,
normalize = 'all')

return model, accuracy, roc_auc, coh kap, time taken

# Logistic Regression
from sklearn.linear model import LogisticRegression

params lr = {'penalty': 'll', 'solver':'liblinear'}

model 1lr = LogisticRegression (**params 1lr)
model 1r, accuracy lr, roc auc lr, coh kap lr, tt 1lr =
run_model (model 1lr, X train, y train, X test, y test)

# Decision Tree
from sklearn.tree import DecisionTreeClassifier

params_dt = {'max depth': 16,
'max_ features': "sqrt"}

model dt = DecisionTreeClassifier (**params_dt)
model dt, accuracy dt, roc auc dt, coh kap dt, tt dt =
run _model (model dt, X train, y train, X test, y test)

# Neural Network
from sklearn.neural network import MLPClassifier

params nn = {'hidden layer sizes': (30,30,30),
'activation': 'logistic',
'solver': 'lbfgs',
'max iter': 500}

model nn = MLPClassifier (**params_nn)
model nn, accuracy _nn, roc_auc nn, coh kap nn, tt nn =
run_model (model nn, X train, y train, X test, y test)

# Random Forest
from sklearn.ensemble import RandomForestClassifier

params_rf = {'max depth': 16,

'min samples leaf': 1,
'min_samples_split': 2,
'n_estimators': 100,

'random_state': 12345}

model rf = RandomForestClassifier (**params_rf)
model rf, accuracy rf, roc auc rf, coh kap rf, tt rf =
run_model (model rf, X train, y train, X test, y test)

# Light GBM

import lightgbm as 1lgb

params_1lgb ={'colsample bytree': 0.95,
'max_depth': 16,
'min_split gain': 0.1,
'n_estimators': 200,
'num leaves': 50,
'reg alpha': 1.2,
'reg lambda': 1.2,
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'subsample': 0.95,
'subsample freq': 20}

model 1lgb = 1lgb.LGBMClassifier (**params_1lgb)
model 1lgb, accuracy lgb, roc_auc lgb, coh kap 1lgb, tt 1gb =
run_model (model 1lgb, X train, y train, X test, y test)

# Catboost

!pip install catboost

import catboost as cb

params cb ={'iterations': 50,
'max_depth': 16}

model cb = cb.CatBoostClassifier (**params cb)
model cb, accuracy cb, roc auc cb, coh kap cb, tt cb =
run_model (model cb, X train, y train, X test, y test, verbose=False)

# XGBoost
import xgboost as xgb
params_xgb ={'n estimators': 500,

'max_depth': 16}

model xgb = xgb.XGBClassifier (**params xgb)
model xgb, accuracy xgb, roc_auc_xgb, coh kap xgb, tt xgb =
run_model (model xgb, X train, y train, X test, y test)

2alodJl JAJ Jly8)l 88N io fouu

import numpy as np

import matplotlib.pyplot as plt

import matplotlib.gridspec as gridspec

import itertools

from sklearn.linear model import LogisticRegression
from sklearn.tree import DecisionTreeClassifier
from sklearn.neural network import MLPClassifier
from sklearn.ensemble import RandomForestClassifier
import lightgbm as 1lgb

import catboost as cb

import xgboost as xgb

from mlxtend.classifier import EnsembleVoteClassifier
from mlxtend.plotting import plot decision regions

value = 1.80
width = 0.90

clfl = LogisticRegression(random state=12345)

clf2 = DecisionTreeClassifier (random state=12345)

clf3 = MLPClassifier (random state=12345, verbose = 0)

clf4 = RandomForestClassifier (random state=12345)

clf5 = 1lgb.LGBMClassifier (random state=12345, verbose = 0)
clf6 = cb.CatBoostClassifier (random state=12345, verbose = 0)
clf7 = xgb.XGBClassifier (random state=12345)

eclf = EnsembleVoteClassifier(clfs=[clf4, clf5, clfe, clf7],
weights=[1, 1, 1, 1], voting='soft"')

X list = MiceImputed[["Sunshine"”, "Humidity%am", "Cloud3pm"]] #took
only really important features

X = np.asarray (X list, dtype=np.float32)

y list = MiceImputed["RainTomorrow"]

y = np.asarray(y_list, dtype=np.int32)

# Plotting Decision Regions
gs = gridspec.GridSpec (3, 3)
fig = plt.figure(figsize=(18, 14))
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labels = ['Logistic Regression',
'Decision Tree',
'"Neural Network',
'Random Forest',
'LightGBM',
'CatBoost',
'XGBoost',
'Ensemble’']

for clf, lab, grd in zip([clfl, clf2, clf3, clf4, clf5, clfe6, clf7,
eclf],
labels,
itertools.product ([0, 1, 2],
repeat=2)):
clf.fit (X, y)
ax plt.subplot(gs[grd[0], grd[1]1])
fig = plot decision regions (X=X, y=y, clf=clf,
filler feature values={2: value},
filler feature ranges={2: width},
legend=2)

plt.title(lab)

Logistic Regression Decision Tree

Neural Network

100 -

75 100 15 150
Random Forest LightGBM

.

XGBoost Ensemble

00 125 150

00 125 150

4
]

00 125 150 Y : 0 75 100 15 150

(.3) L) gardl de gazeadl EMI5 ‘}Lu caaleseod! CSM &l 5 gl éd)ﬁ:}\{\ > Lo
oo gl dows CatBoOst ooy - (Jas el ULy Hlae W GAYI o Jalaseall ks
Random Forests XGBoost CSL"; ol &l & .szi-tﬁ\ By FEPN| o &)l
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accuracy scores = [accuracy lr, accuracy dt, accuracy nn, accuracy rf,
accuracy lgb, accuracy cb, accuracy xgb]

roc_auc_scores = [roc_auc_lr, roc auc_dt, roc_auc nn, roc_auc rf,
roc_auc_lgb, roc_auc cb, roc_auc_xgb]

coh kap scores = [coh kap lr, coh kap dt, coh kap nn, coh kap rf,

coh kap 1gb, coh kap cb, coh kap xgb]

tt = [tt_1r, tt dt, tt nn, tt rf, tt 1lgb, tt cb, tt xgb]

model data = {'Model': ['Logistic Regression', 'Decision Tree', 'Neural

Network', 'Random Forest', 'LightGBM', 'Catboost', 'XGBoost'],
'Accuracy': accuracy_scores,
'ROC_AUC': roc_auc_scores,
'Cohen Kappa': coh kap scores,
'Time taken': tt}
data = pd.DataFrame (model data)

fig, axl = plt.subplots(figsize=(12,10))

axl.set title('Model Comparison: Accuracy and Time taken for
execution', fontsize=13)

color = 'tab:green'

axl.set xlabel ('Model', fontsize=13)

axl.set ylabel ('Time taken', fontsize=13, color=color)

ax2 = sns.barplot (x='Model', y='Time taken', data = data,
palette='summer')

axl.tick params (axis='y')

ax?2 = axl.twinx()

color = 'tab:red'

ax2.set ylabel ('Accuracy', fontsize=13, color=color)

ax2 = sns.lineplot (x='Model', y='Accuracy', data = data, sort=False,
color=color)

ax2.tick params(axis='y', color=color)
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fig, ax3 = plt.subplots(figsize=(12,10))

ax3.set title('Model Comparison: Area under ROC and Cohens Kappa',
fontsize=13)
color = 'tab:blue'

ax3.set xlabel ('Model', fontsize=13)
ax3.set ylabel ('ROC_AUC', fontsize=13, color=color)

ax4 = sns.barplot (x='Model', y='ROC_AUC', data = data,
palette='winter')

ax3.tick params(axis='y"')

ax4 = ax3.twinx ()

color = 'tab:red'

ax4.set_ylabel ('Cohen Kappa', fontsize=13, color=color)

ax4 = sns.lineplot (x='Model', y='Cohen Kappa', data = data,

sort=False,

color=color)

ax4.tick params(axis='y', color=color)

plt.show ()

ROC_AUC

Model Comparison: Area under ROC and Cohens Kappa
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308 I roLeil plaaiiul 2gégl & ilaiul 6 Loy §4illl

Predict (JII rolcil polaaisuly 2gégl &laisul 664y §4iil (43
Fuel Efficiency using Machine Learning
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import matplotlib.pyplot as plt
import pandas as pd
import seaborn as sns

import tensorflow as tf
from tensorflow import keras
from tensorflow.keras import layers

i gazee 75 A pga LSy (SULI) e goren 55 58 alad o Ul Il e o201 Y
rpandas &e > plbel SULIL S gl Lies Y1 L La e SUL)

column_names =

['MPG', 'Cylinders', 'Displacement', 'Horsepower', 'Weight',
'Acceleration', 'Model Year', 'Origin']

dataset = pd.read csv("auto.csv", names=column_ names,

na values = "?", comment='\t',
sep=" ", skipinitialspace=True)
e s el J] plos Gdd aald 1) (g3 SULII ds sazee 3"0rigin' 3 50e
i}&LA_JJJJ
origin = dataset.pop('Origin')
dataset['USA'] = (origin == 1)*1.0
dataset['Europe'] = (origin == 2)*1.0
dataset['Japan'] = (origin == 3)*1.0
:)%;5{5LT€)J3&DLQ}Aebﬁg;lcybkrﬂ FMJB Les oY
train dataset = dataset.sample (frac=0.8,random state=0)
test dataset = dataset.drop(train dataset.index)

UL s L ¢ ST ol IS5 o 3,58 31 I3l 30y 2l eV gyl 15
iseaborn ¢pe sl lelaseadl &2 b plusels


https://raw.githubusercontent.com/amankharwal/Website-data/master/auto-mpg.csv
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sns.pairplot (train dataset[["MPG", "Cylinders", "Displacement",
"Weight"]], diag kind="kde")

B p ol 03 SLLII e goreo (353 sl S ool 2 Bikgmall ol Jraile (Y
358 0 8 S 3l e 3 potdl oyl Latsealar 13l

train labels = train dataset.pop ('MPG'")
test labels = test dataset.pop ('MPG'")

bl uguli
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def norm(x):

return (x - train stats['mean']) / train stats['std']
normed train data = norm(train dataset)
normed test data = norm(test dataset)

;j[ﬁ»ﬁ&[) iz~uﬁﬂJ\) R, PN %Lygﬂ iﬁJﬁikmAJ|;>k;L~2:-§\g}#kj e ) o>
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def build model () :
model = keras.Sequential ([
layers.Dense (64, activation=tf.nn.relu,
input_shape=[len(train dataset.keys())]),
layers.Dense (64, activation=tf.nn.relu),
layers.Dense (1)

1)
optimizer = tf.keras.optimizers.RMSprop (0.001)

model.compile (loss="mean squared error',
optimizer=optimizer,
metrics=['mean absolute error', 'mean squared error'])
return model
model = build model ()
model. summary ()
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Layer (type) Output Shape Param #
e GemE  ew
dense_1 (Dense) (None, 64) 4160
dense_2 (Dense) (None, 1) 65

Total params: 4,865

Trainable params: 4,865

Non-trainable params: @

oY el Sl 5 gecdl 1n i Lo 03,8 1 8L 5l 3 sadl s 3 (0

example batch = normed train data[:10]
example result = model.predict (example batch)
example result

12670723],
©3443428],

3062502 ],

3065169 1,

36841604],

@2191@51],

3674207 1,

10561748],

00638346],

©0226454]], dtype=float32)

array([[-
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class PrintDot (keras.callbacks.Callback) :
def on epoch end(self, epoch, logs):
if epoch % 100 == 0: print('")
print('.', end='")

EPOCHS = 1000

history = model.fit(
normed _train data, train labels,
epochs=EPOCHS, validation split = 0.2, verbose=0,
callbacks=[PrintDot () ])

:C}}“ﬂ\%ﬁ)JSVMULUjps‘QQ\

def plot history(history):
hist = pd.DataFrame (history.history)
hist['epoch'] = history.epoch

plt.figure ()

plt.xlabel ('Epoch')

plt.ylabel ('Mean Abs Error [MPG]')

plt.plot (hist['epoch'], hist['mean absolute error'],
label="Train Error')

plt.plot (hist['epoch'], hist['val mean absolute error'],
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label = 'vVal Error')
plt.ylim([0,5])
plt.legend()

plt.figure ()

plt.xlabel ('Epoch')

plt.ylabel ('"Mean Square Error [SMPG"2S$]'")

plt.plot (hist['epoch'], hist['mean squared error'],
label="'Train Error'")

plt.plot (hist['epoch'], hist['val mean squared error'],
label = 'vVal Error')

plt.ylim([0,207)

plt.legend()

plt.show ()

plot history(history)

38 100 g oy Gaoedl Uas 355805 oo f Gl G oll L1 o J1 Vs Joag
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model = build model ()

# The patience parameter is the amount of epochs to check for
improvement
early stop = keras.callbacks.EarlyStopping(monitor='val loss',
patience=10)

history = model.fit (normed train data, train labels, epochs=EPOCHS,
validation split = 0.2, verbose=0,
callbacks=[early stop, PrintDot()])
plot history(history)
2—/+J|)>S.>L9Ua>.r_".b4w}:ﬂd}§:» ‘M‘yw‘aﬁw‘gh‘dw\wjnc@ﬁ
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loss, mae, mse = model.evaluate (normed test data, test labels,
verbose=0)
print ("Testing set Mean Abs Error: {:5.2f} MPG".format (mae))

Testing set Mean Abs Erreor: 1.97 MPG

38 ) B S 3nl) 3 el e 55 s Lies (Y
test predictions = model.predict (normed test data).flatten()

plt.scatter (test labels, test predictions)
plt.xlabel ('True Values [MPG]')

plt.ylabel ('Predictions [MPG]'")
plt.axis('equal')
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plt.axis ('square')
plt.x1im([0,plt.x1im() [1]]
plt.ylim([0,plt.ylim() [1]]

= plt.plot([-100, 100],

)
)
[-100, 100])
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Predict Migration using dJUl folci polaaiwl 6 yaall guiil (44
Machine Learning
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Aol Slabndl sy ol Jadases 5 ol Sl el ad sl

DI ol il polaAiwl 6 ey §uiil
)5 )l LSl ez 3l b 0 8 gl 502 dagadl oda Tl

import pandas as pd

from sklearn.cross_validation import train test split
from sklearn import svm

import seaborn as sns

import matplotlib.pyplot as plt

from sklearn.metrics import mean_ squared error

import numpy as np

from sklearn.naive bayes import GaussianNB

L o Bagm o Al 55 B30 3nl) degodl o Blgassend 1 SULIL e gazes
5 "Country” 5 "Measure" 5 soe _JI lalesl il ol 351 :oblLl sds S (55 Lses
ALl o3 IS g I il (b (525 B e J el Us113] " CitizenShip”

2czfnﬁa She ;;l°iﬁ
data = pd.read csv('migration nz.csv')
data.head (10)
Measure Country Citizenship Year Value
0  Arrivals Oceania New Zealand Citizen 1979 11817.0
1  Arrivals Oceania Australian Citizen 1979  4436.0
2 Arrivals Oceania Total All Citizenships 1979 18965.0
3 Arrivals Antarctica New Zealand Citizen 1979 10.0
4 Arrivals Antarctica Australian Citizen 1979 0.0
5  Arrivals Antarctica Total All Citizenships 1979 13.0
6 Arrivals American Samoa MNew Zealand Citizen 1979 17.0
Arrivals American Samoa Australian Citizen 1979 4.0

8 Amivals American Samoa Total All Citizenships 1979 30.0

9  Arrivals Australia Mew Zealand Citizen 1979 82240


https://github.com/amankharwal/Website-data/blob/master/migration_nz.csv
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"Measure” s sas 3l 1 8,0 o (65 bes N S
datal['Measure'] .unique ()

array(['Arrivals’, 'Departures', 'Net'], dtypezobject)

Ll 555 pude Dl 3y b Ak docd ISy b e sk B sllas] J) 01 o
"replace” dls (:\J.&cw‘l SSaadl e cr:j.\‘ oo

data['Measure'].replace ("Arrivals", 0, inplace=True)
data['Measure'].replace ("Departures",1l,inplace=True)
data['Measure'].replace ("Net",2,inplace=True)

oo S e o8 JS e o5 15] L G Y1 L
datal['Measure'] .unique ()

array ([0, 1, 21])
55 s 250 e L) Dol eda b

datal['Country'].unique ()

array(['Oceania’, 'Antarctica', 'American Samoa', 'Australia’,
'Cocos Islands', 'Cook Islands', 'Christmas Island®, "Fiji'
'Micronesia', "Guam', 'Kiribati®, 'Marshall Islands’',
'Morthern Mariana Islands', 'New Caledonia', 'Norfolk Island',
"Nauru', 'Miue', 'New Zealand', 'French Polynesia’,
'Papua New Guinea', 'Pitcairn Island', 'Palau', 'Solomon Islands',
'French Southern Territories', 'Tokelau', 'Tonga', 'Tuvalu',
"Vanuatu', 'Wallis and Futuna', 'Samoa', ‘Asia’, 'Afghanistan’,
'Armenia’, 'Azerbaijan', 'Bangladesh', 'Brunei Darussalam',
'Bhutan’, 'China', 'Georgia', 'Hong Kong', 'Indonesia’, 'India’,
'Japan', 'Kyrgyzstan', 'Cambodia', "North Korea', "South Korea',
'Kazakhstan', 'Laos', 'Sri Lanka', 'Myanmar', 'Mongolia', 'Macau’,
‘Maldives', 'Malaysia’, 'Mepal', 'Philippines’, 'Pakistan’,
'Singapore', 'Thailand', 'Tajikistan', 'Timor-Leste',
'Turkmenistan', 'Taiwan', 'Uzbekistan', 'Vietnam', 'Europe’,
‘Andorra’, 'Albania', 'Austria’', 'Bosnia and Herzegovina®,
'Belgium', 'Bulgaria', 'Belarus', 'Switzerland', 'Czechoslovakia',
'Cyprus', 'Czechia', 'East Germany', 'Germany', 'Denmark’,
'Estonia’, 'Spain', 'Finland', 'Faeroe Islands', 'France’, 'UK',
‘Gibraltar', 'Greenland', 'Greece', 'Croatia’, 'Hungary', 'Ireland’,
'Iceland’, 'Italy’, 'Kosovo', 'Liechtenstein', 'Lithuania’,
'Luxembourg', 'Latvia', 'Monaco’, 'Moldova', 'Montenegro’,
'Macedonia', 'Malta', 'Netherlands', 'Norway', 'Poland', 'Portugal’,
'Romania"’, 'Serbia', 'Russia', 'Sweden', 'Slovenia', 'Slovakia',

'San Marino', 'USSR', 'Ukraine', 'Vatican City',

b Al Bad S0 s e dad (s JL OV £l

data['CountryID'] = pd.factorize (data.Country) [0]
data['CitID'] = pd.factorize(data.Citizenship) [0]

e b e e o8 SO Lo (55 Les oY)

datal['CountryID'].unique ()



&1l polcl olaAiwl 6 jaall il

array([ @,
13,
26,
39,
52,
65,
78,
91,
104,
117,
130,
143,
156,
169,
182,
195,
208,
221,
234,
247,

Measure
Country
Citizenship
Year

Value
CountryID
CitID

dtype: int64

data["Value"].fillna(data["Value"].median (), inplace=True)

14,
27,
a0,
53,
66,
79,
92,

105,

118,

131,

144,

157,

170,

183,

196,

209,

222,

235,

248,

15,
28,
a1,
54,
67,
8o,
93,

106,

119,

132,

145,

158,

171,

184,

197,

210,

223,

236,

249,

3,
16,
29,
a2,
55,
68,
81,
94,

107,
120,
133,
146,
159,
172,
185,
198,
211,
224,
237,
250,

4, s,
17, 18,
3e, 31,
43, 44,
56, 57,
69, 70,
82, 83,
95, 98,

108, 189,
121, 122,
134, 135,
147, 148,
160, 161,
173, 174,
186, 187,
199, 200,
212, 213,
225, 226,
238, 239,
251, 252])

149,

240,

111, 112,
124, 125,
137, 138,
158, 151,
163, 164,
176, 177,
189, 190,
202, 203,
215, 216,
228, 229,
241, 242,

22,
35,
a8,
61,
74,
87,

100,

113,

126,

139,

152,

165,

178,

191,

204,

217,

230,

243,

114,
127,
140,
153,
166,
179,
192,
205,
218,
231,
244,

115,
128,
141,
154,
167,
180,
193,
206,
219,
232,
245,

12,
253,
38,
51,
64,
77,
90,
103,
116,
129,
142,
155,
168,
181,
194,
207,
220,
233,
246,

ol dar 5l oS5 bes @ sl ] Gam Ll O oa g A A

data.isnull () .sum()

® @ @ @

@

data.isnull () .sum()

Measure
Country
Citizenship
Year

Value
CountryID
CitID

dtype: int64

@ @ @ @ @ @ @
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data.drop ('Country', axis=1, inplace=True)
data.drop('Citizenship', axis=1, inplace=True)
from sklearn.cross validation import train test split
X= data[['CountryID', 'Measure', 'Year',6 'CitID']].as matrix()
Y= data['Value'].as matrix()
X train, X test, y train, y test = train test split(

X, Y, test size=0.3, random state=9)

6 2mU uil
bl s by Ao bl VI ) el 3= ol gl 525 Lies OV

from sklearn.ensemble import RandomForestRegressor

rf = RandomForestRegressor (n_estimators=70,max features =
3,max_depth=5,n jobs=-1)

rf.fit (X _train ,y train)

rf.score (X test, y test)

X = datal['CountryID', 'Measure','Year',6 'CitID']]

©.73654599831394985
Y = data['Value']
X train, X test, y train, y test = train test split(

X, Y, test size=0.3, random state=9)
grouped = data.groupby(['Year']).aggregate ({'Value' : 'sum'})

#Growth of migration to New-Zeland by year
grouped.plot (kind='line') ;plt.axhline (0, color='g"')
sns.plt.show()
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grouped.plot (kind='bar') ;plt.axhline (0, color='g"')
sns.plt.show ()
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import seaborn as sns
corr = data.corr()
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sns.heatmap (corr,
xticklabels=corr.columns.values,
yticklabels=corr.columns.values)
sns.plt.show()
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Anomaly Detection JUI ppleil oladiwl dgaudl @b (45
using Machine Learning

ind ol b Sl T bl s ides » Anomaly detection 5sdidl GiLissT
3l GLasst et o b U s norm sas il e caliss ol «obldl ole sazes 9
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import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

import matplotlib

from sklearn.ensemble import IsolationForest

Uleuoll & jgi
df = pd.read excel ("Superstore.xls")
df['Sales'] .describe ()

count 9994 .260000
mean 229.858001
std 623.245181
min @.444000
25% 17.2806000
50% 54.4%0000
75% 209.940000
max 22638.480000

Name: Sales, dtype: floaté4

plt.scatter (range (df.shape[0]), np.sort(df['Sales'].values))
plt.xlabel ('index")

plt.ylabel ('Sales')

plt.title("Sales distribution™)

sns.despine ()


https://community.tableau.com/docs/DOC-1236
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Sales distribution
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sns.distplot (df['Sales'])

plt.title("Distribution of Sales™)

sns.despine ()

Distribution of Sales
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print ("Skewness: $f" % df['Sales'].skew())
print ("Kurtosis: $f" % df['Sales'].kurt())

Skewness: 12.972752
Kurtosis: 3@5.311753

2l b mds 3 s okl Al e And) IS e Superstore Sl )58
el 5 5 U s B sty Jodll Ol 55 - SN Sl e o 1 ALST 5873
o eV Ll e g Caisee SULIL ) peb Jlail Lgd 055 sy dikae Sla
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df ['Profit'] .describe ()

count 9994 . 000000

mean 28.656896
std 234.260108
min -6589.9780080
25% 1.728750
50% 8.666500
75% 29.364000
max 8399.9760080

Name: Profit, dtype: floate4

plt.scatter (range (df.shape[0]), np.sort(df['Profit'].values))
plt.xlabel ('index"')
plt.ylabel ('Profit"')
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plt.title("Profit distribution")
sns.despine ()

Profit distribution

Profit
=]
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8
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0 2000 4000 6000 8000 10000
index

sns.distplot (df['Profit'])
plt.title("Distribution of Profit")
sns.despine ()

Distribution of Profit
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['"Profit'].skew())
['"Profit'].kurt())

print ("Skewness: %

df
print ("Kurtosis: % df

Skewness: 7.561432
Kurtosis: 397.188515
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isolation forest = IsolationForest (n_estimators=100)
isolation forest.fit(df['Sales'].values.reshape(-1, 1))
xx = np.linspace(df['Sales'].min(), df['Sales'].max(),
len(df)) .reshape(-1,1)
anomaly score = isolation forest.decision_ function (xx)
outlier = isolation forest.predict (xx)
plt.figure(figsize=(10,4))
plt.plot (xx, anomaly score, label='anomaly score')
plt.fill between(xx.T[0], np.min(anomaly score),
np.max (anomaly score),

where=outlier==-1, color='r

alpha=.4, label='outlier region')
plt.legend

()
plt.ylabel ('
(l

anomaly score')
plt.xlabel ('Sales')

plt.show()
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df.iloc[10]
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Row ID 11
Order ID CA-2014-115812
Order Date 2014-06-09 00:00:00
Ship Date 2014-06-14 00:00:00
Ship Mode Standard Class
Customer ID BH-11710
Customer Name Brosina Hoffman
Segment Consumer
Country United States
City Los Angeles
State California
Postal Code 90032
Region West
Product ID FUR-TA-10001539
Category Furniture
Sub-Category Tables
Product Name Chromcraft Rectangular Conference Tables
Sales 1706.18
Quantity 9
Discount 0.2
Profit 85.3092

Name: 1@, dtype: object
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isolation forest = IsolationForest (n estimators=100)
isolation forest.fit (df['Profit'].values.reshape (-1, 1))
xx = np.linspace(df['Profit'].min(), df['Profit'].max(),
len(df)) .reshape(-1,1)
anomaly score = isolation forest.decision function (xx)
outlier = isolation forest.predict (xx)
plt.figure (figsize=(10,4))
plt.plot(xx, anomaly score, label='anomaly score')
plt.fill between (xx.T[0], np.min(anomaly score),
np.max (anomaly score),

where=outlier==-1, color='r',

alpha=.4, label='outlier region')
plt.legend(
plt.ylabel(
plt.xlabel (
plt.show();

)
'anomaly score')
'Profit')
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df.iloc[3]

Row ID a4
Order ID US-2015-108966
Order Date 2015-10-11 00:00:00
Ship Date 2015-10-18 00:00:00
Ship Mode Standard Class
Customer ID S0-20335
Customer Name Sean 0'Donnell
Segment Consumer
Country United States
City Fort Lauderdale
State Florida
Postal Code 33311
Region South
Product ID FUR-TA-10000577
Category Furniture
Sub-Category Tables
Product Name Bretford CR4500 Series Slim Rectangular Table
Sales 957.577
Quantity 5
Discount 0.45
Profit -383.031
outlier 2]

Name: 3, dtype: object
O e o 1ny (ol (pn o o] s LS Gl 0 S b e

df.iloc[1]

Row 1D 2
Order ID CA-2016-152156
Order Date 2816-11-08 00:00:00
Ship Date 2016-11-11 00:00:00
Ship Mode Second Class
Customer ID CG-12520
Customer Name Claire Gute
Sepment Consumer
Country United States
City Henderson
State Kentucky
Postal Code 42420
Region South
Product ID FUR-CH-10000454
Category Furniture
Sub-Category Chairs
Product Name Hon Deluxe Fabric Upholstered Stacking Chairs,...
Sales 731.94
Quantity 3
Discount a
Profit 219.582

Name: 1, dtype: object
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sns.regplot (x="Sales", y="Profit", data=df)
sns.despine () ;
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https://github.com/yzhao062/pyod/blob/master/notebooks/Compare%20All%20Models.ipynb
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outliers fraction = 0.01

xx , yy = np.meshgrid(np.linspace (0, 1, 100), np.linspace(0, 1, 100))
clf = CBLOF (contamination=outliers fraction,check estimator=False,
random state=0)

clf.fit(X)

scores pred = clf.decision function(X) * -1

y _pred = clf.predict (X)

n _inliers = len(y pred) - np.count nonzero (y pred)

n outliers = np.count nonzero(y pred == 1)

plt.figure(figsize=(8, 8))

dfl = df

dfl['outlier'] = y pred.tolist()

# sales - inlier feature 1, profit - inlier feature 2

inliers sales = np.array(dfl['Sales'][dfl['outlier'] == 0]) .reshape (-
1,1)

inliers profit = np.array(dfl['Profit'][dfl['outlier'] ==
0]) .reshape (-1,1)

# sales - outlier feature 1, profit - outlier feature 2

outliers sales = dfl['Sales'][dfl['outlier'] == 1].values.reshape (-
1,1)

outliers profit = dfl['Profit'][dfl['outlier'] == 1].values.reshape (-
1,1)

print ('OUTLIERS:',n outliers, 'INLIERS:',n inliers)
threshold = percentile(scores _pred, 100 * outliers fraction)

Z = clf.decision_ function(np.c_ [xx.ravel(), yy.ravgl()l) =]l
Z = Z.reshape (xx.shape)
plt.contourf (xx, vy, Z, levels=np.linspace(Z.min(), threshold,

7) ,cmap=plt.cm.Blues_r)

a = plt.contour (xx, yy, Z, levels=[threshold],linewidths=2,
colors='red"')

plt.contourf (xx, yy, Z, levels=[threshold, Z.max()],colors='orange')
b = plt.scatter(inliers_sales, inliers profit, c='white',6s=20,
edgecolor="k")

c = plt.scatter (outliers sales, outliers profit, c='black',6s=20,
edgecolor="k")

plt.axis('tight'")
plt.legend([a.collections[0], b,c], ['learned decision function',
'inliers', 'outliers'],

prop=matplotlib.font manager.FontProperties (size=20),loc="lower
right')

plt.xlim((0, 1))

plt.ylim((0, 1))

plt.title('Cluster-based Local Outlier Factor (CBLOF)')
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plt.show();

OUTLIERS: 10@ INLIERS: 9894

Cluster-based Local Outlier Factor (CBLOF)
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outliers_ fraction = 0.01

xx , yy = np.meshgrid(np.linspace(0, 1, 100), np.linspace(0, 1, 100))
clf = HBOS (contamination=outliers fraction)
clf.fit (X)

scores_pred = clf.decision_function(X) * -1
y_pred = clf.predict (X)

n_inliers = len(y pred) - np.count nonzero (y pred)
n_outliers = np.count_nonzero(y pred == 1)
plt.figure(figsize=(8, 8))

dfl = df

dfl['outlier'] = y pred.tolist()

# sales - inlier feature 1, profit - inlier feature 2

inliers sales = np.array(dfl['Sales'][dfl['outlier'] == 0]).reshape (-
1,1)

inliers profit = np.array(dfl['Profit'][dfl['outlier'] ==

0]) .reshape(-1,1)

# sales - outlier feature 1, profit - outlier feature 2

outliers sales = dfl['Sales'][dfl['outlier'] == 1].values.reshape (-
1,1)

outliers profit = dfl['Profit'] [dfl['outlier'] == 1].values.reshape (-
1,1)

print ('OUTLIERS:',n outliers, 'INLIERS:',n inliers)

threshold = percentile(scores pred, 100 * outliers fraction)=
Z = clf.decision function(np.c_ [xx.ravel(), yy.ravel()]) * -1
Z = Z.reshape (xx.shape)

plt.contourf (xx, vy, Z, levels=np.linspace(Z.min(), threshold,
7) ,cmap=plt.cm.Blues_r)

a = plt.contour(xx, yy, Z, levels=[threshold],linewidths=2,
colors='red")
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plt.contourf (xx,
b = plt.scatter(inliers sales, inliers profit, c='white',s=20,
edgecolor="k")

yyl

Z, levels=[threshold, Z.max()],colors='orange')

c = plt.scatter(outliers sales, outliers profit, c='black',6s=20,
edgecolor="k")

plt.axis('tight'")

plt.legend([a.collections[0], b,c], ['learned decision function',
'inliers', 'outliers'],

prop=matplotlib.font manager.FontProperties(size=20),loc="'lower

1))
1))

title('Histogram-base Outlier Detection (HBOS)')

right")
plt.xlim( (0,
plt.ylim( (0,
plt.
plt.show();

OUTLIERS: 9@ INLIERS: 9904
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Histogram-base Outlier Detection (HBOS)

—— learned decision function
inliers
outliers

Isolation Forest

Sl el e dine *» Random Forest laeadl &> e Isolation Forest 4.5
Lo o3 Blpde clas dpdo 5o b e >l Jjx Isolation Forest p 55 . al

doeodl ol G il 53V oty sVl dodl o Gl st oS a3

Scikit-Learn Isolation J wrapper ;¢ s,Le PyOD Isolation Forest s>

outliers_ fraction

XX
clf
clf.

Bl e 4y 5ell me Forest

0.01

yy = np.meshgrid(np.linspace (0, 1, 100), np.linspace(0, 1, 100))
= IForest (contamination=outliers fraction,random state=0)

fit (X)

scores_pred

clf.decision_function(X) * -1

y _pred = clf.predict (X)
n_inliers =

n_outliers

len(y pred) - np.count nonzero(y pred)
np.count nonzero(y pred == 1)

plt.figure(figsize=(8, 8))

dfl

= df
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dfl['outlier'] = y pred.tolist()

# sales - inlier feature 1, profit - inlier feature 2

inliers sales = np.array(dfl['Sales'][dfl['outlier'] == 0]).reshape (-
1,1)

inliers profit = np.array(dfl['Profit'] [dfl['outlier'] ==

0]) .reshape(-1,1)

# sales - outlier feature 1, profit - outlier feature 2

outliers sales = dfl['Sales'][dfl['outlier'] == 1].values.reshape (-
1,1)

outliers profit = dfl['Profit'][dfl['outlier'] == 1].values.reshape (-
1,1)

print ('OUTLIERS: ',n outliers, 'INLIERS: ',n inliers)

threshold = percentile(scores pred, 100 * outliers fraction)

Z = clf.decision function(np.c [xx.ravel(), yy.ravel()]) * -1

7 = Z.reshape (xx.shape)

plt.contourf (xx, vy, Z, levels=np.linspace(Z.min(), threshold,

7) ,cmap=plt.cm.Blues r)

a = plt.contour(xx, yy, Z, levels=[threshold],linewidths=2,
colors='red")

plt.contourf (xx, yy, Z, levels=[threshold, Z.max()],colors='orange')
b = plt.scatter(inliers sales, inliers profit, c='white',6 s=20,
edgecolor="k")

c = plt.scatter(outliers _sales, outliers profit, c='black',6 s=20,
edgecolor="k")

plt.axis('tight'")
plt.legend([a.collections[0], b,c], ['learned decision function',
'inliers', 'outliers'],

prop=matplotlib.font manager.FontProperties (size=20),loc="'1lower
right')

plt.xlim((0, 1))

plt.ylim((0, 1))

plt.title('Isolation Forest')

plt.show();

OUTLIERS: 100 INLIERS: 9894

Isolation Forest
10
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a2 ---- learned decision function
o inliers

« outliers
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(KNN) gl oysi-K
Slast Sy UL Elaid el 3 pdadl GlazsT 36kl ol e 515 » KNN
oy Bl iyl o kL Sl 3T e Llais 21 Bl

outliers fraction = 0.01

xx , yy = np.meshgrid(np.linspace (0, 1, 100), np.linspace(0, 1, 100))
clf = KNN(contamination=outliers fraction)

clf.fit (X)

scores_pred = clf.decision_function(X) * -1

y _pred = clf.predict (X)

n inliers = len(y pred) - np.count nonzero(y pred)

n outliers = np.count nonzero(y pred == 1)

plt.figure (figsize=(8, 8))

dfl = df
dfl['outlier'] = y pred.tolist()

# sales - inlier feature 1, profit - inlier feature 2

inliers sales = np.array(dfl['Sales'][dfl['outlier'] == 0]) .reshape (-
1,1)

inliers profit = np.array(dfl['Profit'] [dfl['outlier'] ==

0]) .reshape(-1,1)

# sales - outlier feature 1, profit - outlier feature 2

outliers sales = dfl['Sales'][dfl['outlier'] == 1].values.reshape (-
1,1)

outliers profit = dfl['Profit'][dfl['outlier'] == 1].values.reshape (-
1,1)

print ('OUTLIERS: ',n outliers, 'INLIERS: ',n inliers)

threshold = percentile(scores pred, 100 * outliers fraction)

Z = clf.decision function(np.c_ [xx.ravel(), yy.ravel()]) * -1
Z = Z.reshape (xx.shape)

plt.contourf (xx, vy, Z, levels=np.linspace(Z.min(), threshold,

7) ,cmap=plt.cm.Blues_r)

a = plt.contour(xx, yy, Z, levels=[threshold],linewidths=2,
colors='red"')

plt.contourf (xx, yy, Z, levels=[threshold, Z.max()],colors='orange')
b = plt.scatter(inliers_sales, inliers profit, c='white',s=20,
edgecolor="k")

c = plt.scatter (outliers sales, outliers profit, c='black',6s=20,
edgecolor="k")

plt.axis('tight'")

plt.legend([a.collections[0], b,c], ['learned decision function',
'inliers', 'outliers'],

prop=matplotlib.font manager.FontProperties(size=20),loc="'1lower
right')

plt.xlim((0, 1))

plt.ylim((0, 1))

plt.title ('K Nearest Neighbors (KNN) ')

plt.show() ;
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OUTLTERS: 91 INLIERS: 9903

10 K Nearest Neighbors (KNN)
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02 o ---- learned decision function
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df.iloc[1995]

dAlUl ol yAcs o by @61
bes el oo (o (bdpal ooy (A1 8 Janoll (2l e IS docl) b 5
Lz Lo g3 Jslowss (KNIN Woad 1 8 Jlanall ol Gam Joolis e 5k AL

Row ID 1996
Order ID Us-2017-147221
Order Date 2017-12-02 ©0:00:00
Ship Date 2017-12-04 ©0:00:00
Ship Mode Second Class
Customer ID Js-16@3e
Customer Name Joy Smith
Segment Consumer
Country United States
City Houston
State Texas
Postal Code 77036
Region Central
Product ID OFF-AP-10082534
Category Office Supplies
Sub-Category Appliances
Product Name 3.6 Cubic Foot Counter Height Office Refrigerator
Sales 294.62
Quantity 5
Discount 0.8
Profit -766.012

Name: 1895, dtype: object

S350

oo 5 s 29462 Jlar] as Slie 5 Les (55 cadomall ALl g Al
W@JJQEJMB%‘)JJ&Q‘)QQTW@MMBJ}M/80r.~a>u 766

df.iloc[9649]
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Row ID

Order ID
Order Date
Ship Date
Ship Mede
Customer ID
Customer Name
Segment
Country

City

State

Postal Code
Region
Product ID
Category
Sub-Category
Product Name
Sales
Quantity
Discount
Profit

Name: 9649, dtype: object

9650

CA-20@16-187104
2016-11-26 ©0:00:00
2016-11-30 ©0:00:00
Standard Class
MS-17365

Maribeth Schnelling
Consumer

United States

Los Angeles
California

90045

West
FUR-BO-1©882213
Furniture

Bookcases

DMI Eclipse Executive Suite Bookcases

3406.66
8

9.15
16@.314

01553 g3sadl Ol i 74.7 Jm i o ) 01 J sy codan o201 ) el
LE RS RPANERN

df.iloc[9270]

Row ID

Order ID
Order Date
Ship Date
Ship Mode
Customer ID
Customer Name
Segment
Country

City

State

Postal Code
Region
Product ID
Category
Sub-Category
Product Name
Sales
Quantity
Discount
Profit

Name: 9270, dtype: object

9271

Us-2017-102183
2817-88-21 ©0:080:00
2817-08-28 ©60:80:00
Standard Class
PK-19075

Pete Kriz

Consumer

United States

New York City

New York

10035

East
OFF-BI-16661359
Office Supplies
Binders

GBC DocuBind TL3@8 Electric Binding System

4385.55
6

8.2
1453.12

s dns (oW adl 34305 iy Sl 6 Joos 653 Dol QU dnll
VLl odn o dsall bold 055 0T 5 g Il 0 733 n 2ST e faaos W5 Lo 1720

.85

.Github _le eMel Llcll Jupyter £33 5 e sl S


https://github.com/susanli2016/Machine-Learning-with-Python/blob/master/Anomaly_Detection_for_Dummies.ipynb
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News Classification JUI pplcil pladlwl Juall wuni (46
using Machine Learning

o kS Bge Jloads bodie Sl J] Ao SV oald 38 0585 0 o
131 Aol g b 2ls Lo ) oS a5 (55L3 wB50 gl (Blatalin 1 L)l el
Gl Gl Wil 0gh o JYI ol plasinnly SL VI S Citad BASE e oy 5 S
elisanly JU el plisel LY Cias doge e Slalbl g W1 oda
.Python

JUADI pinj

O 3 JS QoA e S 028 3 (LY Il (L] e JS i
el el e o pos AV g5 o Dpp 2 g ol ol o35
b ol L] B L a5l a5e (IS G (L oSl ol 3T Gl 5
Aol Gz 0555 4 b J 51 o 36,800 B 5 Y ST 5 8 805 L o 5T
A Ly o 4 21 5T Jles NI S

Al ol w1 se G5 somadl (6 e Aol o Loy &)L Y1 YR Caceas oy (Ll
GHls e ol o Ml Bl o VI ol 3 505 Jdis Bl S 3 1 b 0 ST
LS o Aalbla ool vl 5LV &8 Canays SL Y1 (g e 515UV 0l T2

Python L 43 pldsealy 5LV Cionas Lagad JYI el 23 505 oy

uoU Plaa il JuAl WLinj

Kaggle o Sl e pazen Conaz A5  JIN ool platsenaly JLY1 Gt dogad il
e gazes G potall LA Ly Lgysle Gl Loy Bkl 0V e 500 Sl
A oda UL

.Sports .54,
.Business Jlos!
.Politics dwlus

.Tech L&

[ I RSO R RN

.Entertainment 43 JI Jilu s

tdagadl odgd Lgarloed 2l UL Ao gazen s &5 5 2l Python olee s sl U ges U

import pandas as pd

import numpy as np

from sklearn.feature extraction.text import CountVectorizer
from sklearn.model selection import train test split
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from sklearn.naive bayes import MultinomialNB

data =

pd.read csv("https://raw.githubusercontent.com/amankharwal/Website-
data/master/bbc-news-data.csv", sep='\t')

print (data.head())

category ... content
@ business ... Quarterly profits at US media giant TimeWarne...
1 business ... The dollar has hit its highest level against ...
2 business ... The owners of embattled Russian oil giant Yuk...
3 business ... British Airways has blamed high fuel prices f...
4 business ... Shares in UK drinks and food firm Allied Dome...

[5 rows x 4 columns]
36 03 gl e (g5 o SULN e gors CISTIS] Lo o dag e 8 00 AL Lies OV
2& CT
data.isnull () .sum()

category

]
filename ]
title e

e

content

dtype: int64

aCDUEJ‘oJ@g&LU‘;}mP‘éoiA Cnugg\iﬁjaapacroL@ééﬁajgglckaigéj‘CDEwm&ﬂ‘Jazﬁ
DY O e w5 o 3k A Les

data["category"].value counts()

sport 511
business 518
politics 417
tech 401
entertainment 386

Name: category, dtype: inted

Juall iini gagod
DL sl 23 505 s Boged SLLII o 0 Les
data = data[["title", "category"]]

X = np.array(datal["title"])
y np.array (data["category"])

cv = CountVectorizer ()

X = cv.fit transform(x)

X _train, X test, y train, y test = train test split(X, vy,
test size=0.33, random state=42)

LY s T30 i Multinomial Naive Bayes il s> oI (a.&:wfu
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model = MultinomialNB ()
model.fit (X train,y train)

sl SL s sl dol e 23 potdl s Joe £S5 Les (5

user = input ("Enter a Text: ")

data = cv.transform([user]) .toarray()
output = model.predict (data)

print (output

Enter a Text: Latest Apple iPhone SE 3 concept renders show a compact smartphone in the style of the
iPhone 4

["tech’]
sl I ol LT s -3 go o5 Ly Sy 21 2y ol p o
.Python
uailoll
B IS sk DY ol e JYI el plasead L Sy 1 B2yl a oda
e @50 055280 JS Qi AN e S 055 Jd LN Jlal Caans 5L
ot A g5 o By 30 o o)
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Network Security using JUI pledl plaaiwl dAuill glol (47
Machine Learning

Ul A S ol Lobdl Lol Zedl ) Jpeo sl cprarlgadd Yzl 21 22, Lol
N 3Vl 5 eneSIl OIS Blasd Lolall dunylandl 58 Network security &e.2)
FIPRIPER Gl ol oVl selaly @l LIl L 30 e L) J oo 1 S
S el ol A plel Lot Sl e albel G 5

Aoladl BLoI o dytadl Blin s o S ohacld s J15 5201 Bl sl DLV GLaSul ag
p5 bl Slly el 16 (V1 Ala gl IS 5550 B DUk BlBlsST o Sl
.f)Lﬂ &irﬁ djszﬁngcfﬁgJLASY‘CJUﬁ.D vﬁuw ¢§UJ‘3§[,i;j lakllaag;:J

JUPR WO LA S IR VPN SO0 W -0 55 RN P A R O AL T-2A W
s 052 5,0l 3 wblis e CCTV S o s 3L IVl 053 5l o oY)
Ll o B Slorg) B 220 0V bos gl s 81 550 8 51 2ol o5l
SP)[NEEVRRECWE

Al ol lona winil G640 23goJ Ly

e b a1y (NSLKDD @by a6 gores 2 Loddwiminn Ll SULII e goses
Aol gy ply U5 o 0dn SBLIL A gores s (gl 8041 Gl s GLes]
SUL e pazes 35 Sy A 0L JS Lt iad LYl ULy psle aasens
iy 5 el LSl s ol sl Goyb e dagall eda Tud L oy

import os

from collections import defaultdict
import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

:CJULHJILgl & En I
s A B ges bl I SV s e J gamal) 2,31 UL e 5 i e
:%jidutﬁ|gi§wa3“;p

dataset root = 'datasets/nsl-kdd'

train file = os.path.join(dataset root, 'KDDTrain+.txt')

test file = os.path.join(dataset root, 'KDDTest+.txt')

header names = ['duration', 'protocol type', 'service',K 'flag',
'src_bytes', 'dst bytes', 'land', 'wrong fragment',
'urgent', 'hot', 'num failed logins', 'logged in',
'num_compromised', 'root shell', 'su attempted',
'num root', 'num file creations', 'num shells',
'num access files', 'num outbound cmds',
'is host login', 'is guest login', 'count',
'srv_count', 'serror rate', 'srv_serror rate',


https://drive.google.com/file/d/1VfKSyfo8_Un4Kza956xWhg_60Be5P_K-/view?usp=sharing
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'rerror_rate', 'srv_rerror rate', 'same srv_rate',
'diff srv rate', 'srv diff host rate',

'dst _host count', 'dst host srv count',

'dst _host same srv_rate', 'dst host diff srv rate',
'dst_host same src port rate',

'dst host srv diff host rate',

'dst _host serror rate', 'dst host srv serror rate',
'dst_host rerror rate', 'dst host srv_rerror rate',
'attack type', 'success pred']

col names = np.array(header names)
nominal idx = [1, 2, 3]
binary idx = [6, 11, 13, 14, 20, 21]

numeric_idx =
list (set (range(41)) .difference (nominal idx) .difference (binary idx))

nominal cols = col names[nominal idx].tolist ()
binary cols = col names[binary idx].tolist()
numeric_cols = col names[numeric idx].tolist()

category = defaultdict (list)
category['benign'].append('normal')

with open('datasets/training attack types.txt', 'r') as f:
for line in f.readlines():
attack, cat = line.strip() .split(' ")
category[cat] .append (attack)

attack mapping = dict((v,k) for k in category for v in category[k])
L@.AJ}W L.;'H C)L';Lrj‘ Wl oda cdy‘

train df = pd.read csv(train file, names=header names)
train df['attack category'] = train df['attack type']l \

.map (lambda x: attack mapping[x])
train_df.drop(['success _pred'], axis=1, inplace=True)

test df = pd.read csv(test file, names=header names)
test df['attack category'] = test df['attack type'] \

.map (lambda x: attack mapping[x])
test df.drop(['success_pred'], axis=1, inplace=True)
train attack types = train df['attack type'].value counts()
train attack cats = train df['attack category'].value counts ()
test attack types = test df['attack type'].value counts()
test_attack cats = test df['attack category'].value counts()
train attack types.plot (kind='barh', figsize=(20,10), fontsize=20)

spy

perl

phf

multihop
ftp_write
loadmodule
rootkit

imap

land
warezmaster
buffer_overflow
guess_passwd
pod
warezclient
teardrop
back

nmap

smurf
portsweep
ipsweep
satan
neptune
normal

10000 20000 30000 40000 50000 60000 70000

o
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train attack cats.plot(kind='barh', figsize=(20,10), fontsize=30)

uzr

rz2l

probe

dos

benign

0 10000 20000 30000 40000 50000 60000 70000

%ﬁﬁxﬂ\ﬂJéﬁ;wQsffjeﬁﬂjrrbauEJ?iOCJnglﬁjmau PJSIrJ{I)[)QQDQ{19}“?“~L6

oskedly el s G315 s oY YT el iy UL e
iolendy UL JI DataFrames o ,acdly ,Les-Y| e T

train Y = train df['attack category']

train x raw = train df.drop(['attack category', 'attack type'], axis=1)
test Y = test df['attack category']

test _x raw = test df.drop(['attack category', 'attack type'l]l, axis=1)

S oo Y L & gl o piadl oy Aol 8 o Lyld 55 ciamd godl SV
L5 e Y eds B OUT Jlos Bl ol glaall edis i UL & sazes 0Y
Bl Bl Loy S g 5 i JSU hazomad) ol o oSl SULI e g

S el e

combined df raw = pd.concat([train x raw, test x raw])
combined df = pd.get dummies (combined df raw, columns=nominal cols,
drop_first=True)

train x = combined df[:len(train x raw)]
test x = combined df[len(train x raw):]

# Store dummy variable feature names
dummy variables = list(set(train_ x)-set (combined df raw))

Ll e sares Gl sl SUL e e Bl ) oyl 5l Gl Les 0

# Experimenting with StandardScaler on the single 'duration' feature
from sklearn.preprocessing import StandardScaler

durations = train x['duration'].values.reshape(-1, 1)
standard scaler = StandardScaler () .fit (durations)
scaled durations = standard scaler.transform(durations)
pd.Series(scaled durations.flatten()) .describe ()
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.259730e+05
.549477e-17
.600004e+00
.102492e-01
.1682492e-061
102492e-01
75% .1082492e-01
max .636428e+01
dtype: floate4d

count
mean
std
min
25%
50%

I = N C IS

=

Lslbw of w5 oS 13| StandardScaler e MinMaxScaler plasl Hlosl S,
PR IRV RO I ER W IUMUN U JCVS S BN JCH S [ PR A o
duration d1W MinMaxScaler [ s>< &5 U] .8 el SULI G4 e YL

:function

from sklearn.preprocessing import MinMaxScaler

min max_scaler = MinMaxScaler().fit (durations)
min max_scaled durations = min max scaler.transform(durations)
pd.Series (min max scaled durations.flatten()).describe ()

count 125973. 606000
086692
060700
min ooeeee

mean e.
e.
e.
25% 0.0e006000
a.
e.
e

std

50% oee0ee
75% 000000
max ooeeee
dtype: floaté4

e L ) oy s i ) B 8l o 55 o oS

T S SRS (UK e S TR B

p Ay o IS obl Uaed dosMe 38T sklearn. preprocessing. R obustScaler

ol 5287 3y 3 A a5 Baw gnadl DU s & 8 | pas5 RobustScaler
PEREN]

from sklearn.preprocessing import RobustScaler

min_max_scaler = RobustScaler ().fit (durations)

robust scaled durations = min max scaler.transform(durations)
pd.Series (robust scaled durations.flatten()).describe()
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count 125973.00000

mean 287.14465
std 2604.51531
min ©.600600
25% ©.00000
50% ©.60000
75% ©.060000
max 42908.00000

dtype: floaté4
:)QQ;YLg%ﬁ)Jﬂ\gybgfaf>}sd)hL¢ﬂ=¢>UgAJ1;*wd\1edbyd\ib5,acp§3
standard scaler = StandardScaler().fit(train x[numeric cols])

train x[numeric cols] = \
standard scaler.transform(train x[numeric cols])

test x[numeric cols] = \
standard scaler.transform(test x[numeric cols])

a4 iUl ol Julai) @aini

Jgamdl LSy oyl sl o Lol 51 &l 23 ass Juadl Slades Godas JM5 oy
L 053 Y 05 el odin O e o 1 e A1 0LY Y1 Caanl) 85 e s ey
L))l UG e Loy 550 Lot Lo Bole Ll cLdan £ s

from sklearn.tree import DecisionTreeClassifier

from sklearn.metrics import confusion matrix, zero one loss
classifier = DecisionTreeClassifier (random state=0)
classifier.fit(train x, train Y)

pred y = classifier.predict (test x)

results = confusion matrix(test Y, pred y)

error = zero one loss(test Y, pred y)

©

[[9365 56 289 1
[1541 5998 97 @
[ 675 228 1528 @
[2278 1 14 277 4
[179 & 5 5 1
©.238245209368

® ®

[
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SMS Spam Detection using Machine Learning (Ul ol Ul
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import numpy as np # linear algebra
import pandas as pd # data processing, CSV file I/O (e.g. pd.read csv)
import nltk

EJQL)L:\.J‘ E\P}A}u 3;—‘}5}&]5

import pandas
df sms = pd.read csv('spam.csv',encoding="'latin-1")
df sms.head()

vl v2 Unnamed: 2 Unnamed: 3 Unnamed: 4
0 ham Go until jurong point, crazy.. Available only ... NaN NaN NaN
1 ham Ok lar... Joking wif u oni... NaN NaN NaN
2 spam Free entry in 2 a wkly comp to win FA Cup fina... NaN NaN NaN
3 ham U dun say so early hor... U c already then say... NaN NaN NaN
4 ham Nah | don't think he goes to usf, he lives aro... NaN NaN NaN

‘Unnamed: 4 « 3« 2 taoul ST oJ b s podl b 3eeNI Blau

df _sms = df sms.drop(["Unnamed: 2", "Unnamed: 3", "Unnamed: 4"],
axis=1)

df sms = df sms.rename (columns={"v1":"label", "v2":"sms"})

df sms.head()

label sms
0 ham Go until jurong point, crazy.. Available only ...
1 ham Ok lar... Joking wif u oni...

2 spam Free entry in 2 a wkly comp to win FA Cup fina...
3 ham U dun say so early hor... U c already then say...

4 ham Nah | don't think he goes to usf, he lives aro...


https://thecleverprogrammer.com/wp-content/uploads/2020/06/spam.csv
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print (len(df sms))
-hamy spam Sl sl J Jl Lans S dolla>Dldl sae
df_sms.label.value_counts()

1 ham 4825
2 spam 747
3 Name: label, dtype: inté4

df sms.describe ()

1 label sms

2 count 5572 5572

3 unique 2 5169

4 top ham Sorry, I'll call later

5 freqg 4825 30

df _sms['length'] = df sms['sms'].apply(len)
df sms.head()

1 label sms length
20  ham Go until jurong point, crazy.. Available only ... 111
31 ham Ok lar... Joking wif u oni... 29
42 spam Free entry in 2 a wkly comp to win FA Cup fina... 155
53 ham U dun say so early hor... U c already then say... 49
64  ham Nah I don't think he goes to usf, he lives aro... 61

import matplotlib.pyplot as plt

import seaborn as sns

$matplotlib inline

df sms['length'].plot (bins=50, kind='hist')
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Freguency
2
o

600 1

400 A
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ham spam
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df sms.hist (column='length', by='label', bins=50,figsize=(10,4))
df_sms.loc[:,'label'] = df sms.label.map({'ham':0, 'spam':1})
print (df_sms.shape)

df sms.head()

1 (5572, 3)

2 label sms length
30 @ Go until jurong point, crazy.. Available only ... 111
41 @

52 1

63 © U dun say so early hor... U c already then say... 49
74 @

Ok lar... Joking wif u oni... 29
Free entry in 2 a wkly comp to win FA Cup fina... 155

Nah I don't think he goes to usf, he lives aro... 61
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[‘Hello, how are you!’, ‘Win money, win from home.’, ‘Call me now’,
‘Hello, Call you tomorrow?’]

I ol e 33 201 55 B ghame | o el s e paeall ada Lo sa L Lt

are | call [from | hello | home |how | me | money | now | tomorrow |win | you
0|1 |0 |O 1 0 1 0 |0 0 0 0o |1
110 |0 (1 0 1 0 0o |1 0 0 2 |0
2|10 |1 0 0 0 0 1 |0 1 0 0 |0
3|10 |1 0 1 0 0 0 |0 0 1 0o |1

P el L dlly 0 gae gl 2 S IS5 (D shall Golbanadl 035 02 5 LS TLa
d] G L 1SS
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ik Lo o5 A sklearns count vectorizer d&,b ptsciin s & Joldl

IS0 Baoes G e a5 (33 Lol J) Al o) Akl o 2y s @
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oAl utin pnio G
eadl LS I oSl o 5o 118 asull

documents = ['Hello, how are you,'!

L Win money, win from home, '.

! Call me now,'.

' Hello, Call hello you tomorrow['?
lower case_documents[] =

lower case_documents = [d.lower() for d in documents]
print (lower case documents)

[hello, how are you!', 'win money, win from home.', 'call me now.', 'hello, call hello you tomorrow?']

N e e 3 glasl

sans_punctuation documents[] =
import string

for 1 in lower case documents:
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neonn
’

sans_punctuation documents.append(i.translate(str.maketrans ("",
string.punctuation)))

sans_punctuation documents

1 ['hello how are you',
2 'win money win from home’,
3 ‘'call me now',

4 'hello call hello you tomorrow']
Tokenization ;s 21 :3 8 slasdl

preprocessed documents = [[w for w in d.split()] for d in
sans_punctuation_documents]
preprocessed_documents

1 [['hello", 'how', 'are', 'you'],

2 ['win', 'money', 'win', 'from', 'home'],

3 ['call', 'me', 'now'],

4 ['hello', 'call', 'hello', 'you', 'tomorrow']]

Wl S ae 14 glasal

frequency list[] =
import pprint
from collections import Counter

frequency list = [Counter(d) for d in preprocessed documents]
pprint.pprint (frequency list)

1 [Counter({'hello': 1, 'how': 1, "are': 1, 'you': 1}),
2 Counter({'win': 2, 'money': 1, 'from': 1, ‘home': 1}),
3 Counter({'call': 1, 'me': 1, 'now': 1}),
4 Counter({'hello': 2, 'call': 1, 'you': 1, 'tomorrow': 1})]

scikit-Learn (8 wlolAl G461 2tais
ST ol Sldkous de gazs e frequency matrix | ,SG & siuzs +L35)] gl
i gazeal B3 ped LLal At bl llnae Bshane olii] st 24T Lagh o

."documents" ol

documents = [‘Hello, how are you!, ‘Win money, win from home.’, ‘Call me now.’,
‘Hello, Call hello you tomorrow?’]

from sklearn.feature extraction.text import CountVectorizer
count vector = CountVectorizer ()

CountVectorizer() rolaaiwl ablul) d61uedl dalleoll
p el s &1l e CountVectorizer() &b (o Lvnd doiiey Lol oMl s sl 3

z

N bl caldes
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lowercase = True

Sl A JI s S I Al True J £ 230 ded e 5 paall dalaodl (5500
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token_pattern = Cu)\b\w\w+\b

bAWANW + \ (u9) 2 Ldl 2l (gole ol dad Jo token pattern dolrall (5 55
Fady Dol Jodh 5 Loy looneS Lehalas 5 o3 2l Slodle o Jalns 15 \ b
SlalS T a5 53 550,572 (g5l sl e ST ks

stop words

ie gozen (po OLalSI) oz L5 o TGN e Leans 5 13] cstop words daleadl Jo
scikit-Learn 38sdowedl & a1 (i 2l SledS 450 5las ol oliionnnsd)
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count vector.fit (documents)
count vector.get feature names ()
1['are’,

2 'call’,

3 "from’',

4 'hello’,

5 "home’,

6 'how',

7 ‘me’,

8 'money',

9 ‘now',

10 'tomorrow’,
11 ‘win’',

12 ‘'you']

doc_array = count vector.transform(documents) .toarray ()
doc_array
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1array([[1, 0, ©, 1, 6, 1, ©, 0, @, @, O, 1],
2 [, 0, 1, ©, 1, 0, O, 1, 0, 0, 2, O],
3 [0, 1, @, @, 0, 0, 1, 0, 1, @, 0, O],
4 [0, 1, @, 2, @, 0, @, @, @, 1, @, 1]])

frequency matrix = pd.DataFrame (doc_array, columns =
count vector.get feature names())
frequency matrix

are call from hello home how me money now tomorrow win you

0 1 0 0 1 0 1 0 0 0 0 0 1
1 0 0 1 0 1 0 O 1 0 0 2 0
2 0 1 0 0 0 0 1 0 1 0 0 0
3 0 1 0 2 0 0 0 0 0 1 0 1

from sklearn.model selection import train test split
X_train, X test, y train, y test = train test split(df sms['sms ,['

df sms['label'],test size=0.20 ,
random_ state=1)

#Instantiate the CountVectorizer method
count_vector = CountVectorizer ()

#Fit the training data and then return the matrix
training data = count vector.fit transform(X train)

#Transform testing data and return the matrix
testing data = count vector.transform(X test)

Jb @b JUIpde il o jjlgh 21615

Lol OULII de gama Je 525 Jond sklearn e sklearn.naive bayes r.\é&.ﬂL
g sl b s il il I GLasSY Ly

ool readl s multinomial Naive Bayes Joi5 pddcuins cdocl 4y e
M 2aS SLISII o Baoens 130e J5L L dmdaiine O ey Civanl) Conlis

PSR <N 5 potmadl UL Zeede ST Gaussian Naive Bayes dx (S A o0
($3le) sl 5 W JsYl bl of

from sklearn.naive bayes import MultinomialNB
naive bayes = MultinomialNB ()
naive bayes.fit(training data,y train)

MultinomialNB (alpha=1.0, class prior=None, fit prior=True)

predictions = naive bayes.predict (testing data)
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from sklearn.metrics import accuracy score, precision_score,

recall score, fl score

print ('Accuracy score: {}'.format (accuracy score(y test,
predictions)))

print ('Precision score: {}'.format (precision score(y_ test,
predictions)))

print ('Recall score: {}'.format (recall score(y test, predictions)))
print ('F1l score: {}'.format (fl score(y_test, predictions)))

1 Accuracy score: 0.9847533632286996
2 Precision score: 0.9420289855072463
3 Recall score: ©0.935251798561151

4 F1l score: ©.9386281588447652
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#for some basic operations
import numpy as np

import pandas as pd

#for visualizations

import matplotlib.pyplot as plt
import seaborn as sns

import plotly.express as px
import dabl

;UL e yazea 51 2]
data = pd.read csv('StudentsPerformance.csv')

#getting the shape of the data
print (data.shape)

(1000, 8)

i bl e pazes G 5 U1 e 8 ks s Y

data.head()

gender  race/ethnicity paremtal level of educatics Iunch test preparation course mnath score resding score writing score
0 female graup B bachelor's degres standard none T2 T2 74
1 femals group © soma colleps standard complated 1] o0 -]
2 femals group B masEkars dagrea shandard nona a0 o5 a3
3 e GrouD A associales degred  Teareduced nong ar 57 &4
4 male group C soms collaps standard none 76 T8 75

data.describe ()


https://thecleverprogrammer.com/wp-content/uploads/2020/05/StudentsPerformance.csv
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math score reading score writing score

count 1000.00000 1000.000000 1000.000000

mean 66.08900 69.169000 68.054000
std 15.16308 14.600192 15.195657
min 0.00000 17.000000 10.000000
25% 57.00000 59.000000 57.750000
50% 66.00000 70.000000 69.000000
75% 77.00000 79.000000 79.000000
max 100.00000 100.000000 100.000000

8l 5 gandl (383 g2 gall 5 ) sl e pn o L

data.select dtypes('object') .nunique ()

gender

race/ethnicity

parental level of education
lunch

ST S I RV, I ]

test preparation course
dtype: inte4

FOULI) (363 po skeel IS 385 phadl UL & ol £nid) o Gowl) ey

no_of columns = data.shape[0]
percentage of missing data = data.isnull().sum()/no of columns
print (percentage of missing data)

gender

race/ethnicity

parental level of education

lunch

test preparation course

math score

reading score

e
® ®@ ® ® ® ® ® ®

writing score

dtype: float64
:Math Marks Lo 3 ol Gl bad 6 53 Olaall maz o 6,0 34aL]

plt.rcParams|['figure.figsize'] (6 ,18) =
plt.style.use('fivethirtyeight')
dabl.plot (data, target col = 'math score')

Continuous Feature vs Target

F=2.01E+03 F=1.81E+03
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Target distribution
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plt.rcParams|['figure.figsize'] (6 ,18) =
plt.style.use('fivethirtyeight')
dabl.plot (data, target col = 'reading score')

Continuous Feature vs Target
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plt.rcParams|['figure.figsize'] (6 ,18) =
plt.style.use('fivethirtyeight')
dabl.plot (data, target col = 'reading score')

Target distribution
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Continuous Feature vs Target
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datal['lunch', 'gender', 'math score', 'writing score,’'
! reading score']].groupby(['lunch', 'gender']) .agg('median')

math score writing score reading score

lunch gender

free/reduced female 57.0 68.0 67.0
male 62.0 59.0 61.0

standard female 67.0 76.0 75.0
male 72.0 67.0 67.5

2l e Test Preparation Course )L bl 553 b e R Les

atal[['test preparation course,'
! gender, '
! math score,'

' writing score,’'
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' reading score']].groupby(['test preparation
course', 'gender']) .agg('median')

test preparation course gender

completed female 67 79 78
male 73 70 7

none female 62 70 7
male 67 60 63

bl ol Jaiod!
C'Jbtr.“ aﬁjw é@byb )_,fJJ‘ She 0

plt.rcParams|['figure.figsize'] (5 ,15)

sns.countplot (data['gender'], palette = 'bone')
plt.title('Comparison of Males and Females', fontweight = 30)
plt.xlabel ('Gender')

plt.ylabel ('Count"')

plt.show()

Comparison of Males and Females

500
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Gender

plt.rcParams|['figure.figsize'] (9 ,15) =
plt.style.use ('ggplot")

sns.countplot (data['race/ethnicity'], palette = 'pink')
plt.title('Comparison of various groups', fontweight = 30, fontsize =
20)

plt.xlabel ('Groups')

plt.ylabel ('count')

plt.show ()

plt.rcParams|['figure.figsize'] (9 ,15) =

Comparison of various groups

aroup ©
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plt.style.use('fivethirtyeight')

sns.countplot (data['parental level of education'], palette = 'Blues')
plt.title('Comparison of Parental Education', fontweight = 30,
fontsize = 20)

plt.xlabel ('Degree')
plt.ylabel ('count')
plt.show ()

Comparison of Parental Education

0

bachelorsdegree  some college master's degree  assaciate's degree
Degree

QL:..,ol:’JJ‘ C)le-‘)é V.w)

plt.rcParams|['figure.figsize'] (9 ,15) =
plt.style.use ('tableau-colorblindl0"')

sns.countplot (datal'math score'], palette = 'BuPu')
plt.title('Comparison of math scores', fontweight = 30, fontsize = 20)
plt.xlabel ('score')

plt.ylabel ('count')

plt.xticks (rotation = 90)

plt.show ()

Comparison of math scores

i
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import warnings
warnings.filterwarnings ('ignore')

data['total score'] = data['math score'] + data['reading score'] +
data['writing score']

sns.distplot(data['total score'], color = 'magenta')

plt.title('comparison of total score of all the students', fontweight
= 30, fontsize = 20)

plt.xlabel ('total score scored by the students')

plt.ylabel ('count')
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plt.show ()

comparisan of total score of all the students

(I S Ll Sl

#importing math library to use ceil
from math import *

import warnings
warnings.filterwarnings ('ignore')

data['percentage'] = data['total score']/3

for i in range: (1000 ,0)
datal['percentage'][1i] = ceil (datal['percentage'][i])

plt.rcParams|['figure.figsize'] (9 ,15) =
sns.distplot (data['percentage'], color = 'orange')

plt.title('Comparison of percentage scored by all the students',
fontweight = 30, fontsize = 20)

plt.xlabel ('Percentage scored')

plt.ylabel ('Count')

plt.show ()

Comparison of percentage scored by all the students

I olaol) Gib g o gl Sl s
© - 40 marks : grade E
41 - 60 marks : grade D
6@ - 70 marks : grade C
70 - 80 marks : grade B
80 - 90 marks : grade A
90

10@ marks : grade O
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def getgrade (percentage, status):

if status == 'Fail:'
return 'E'

if (percentage >= 90):
return 'O’

if (percentage >= 80):
return 'A'

if (percentage >= 70):
return 'B'

if (percentage >= 60):
return 'C'

if (percentage >= 40):
return 'D'

else:
return 'E'

data['grades'] = data.apply(lambda x: getgrade (x['percentage'],
x['status']), axis =1 )

data['grades'].value counts()

#Output
260
252
223
156
58
51
Name: grades, dtype: int64

HOPUQW

from sklearn.preprocessing import LabelEncoder

#creating an encoder
le = LabelEncoder ()

#label encoding for test preparation course
data['test preparation course'] = le.fit transform(data['test
preparation course'])

#label encoding for lunch
data['lunch'] = le.fit transform(data['lunch'])

#label encoding for race/ethnicity
#we have to map values to each of the categories

data['race/ethnicity'] = datal['race/ethnicity'].replace('group A', 1)
data['race/ethnicity'] = datal['race/ethnicity'].replace('group B', 2)
data['race/ethnicity'] = data['race/ethnicity'].replace('group C', 3)
data['race/ethnicity'] = data['race/ethnicity'].replace('group D', 4)
data['race/ethnicity'] = data['race/ethnicity'].replace('group E', 5)

#label encoding for parental level of education
data['parental level of education'] = le.fit transform(data['parental
level of education'])

#label encoding for gender
data['gender'] = le.fit transform(datal['gender'])

#label encoding for pass math
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data['pass math'] = le.fit transform(datal'pass math'])

#label encoding for pass_reading
data['pass_reading'] = le.fit transform(data['pass reading'])

#label encoding for pass writing
data['pass writing'] = le.fit transform(data['pass writing'])

#label encoding for status
data['status'] = le.fit transform(data['status'])

bl juAnas
Al Lgtdicubrigd\rrwjj

x
Yy

data.iloc[14:, :]
data.iloc([14, :]

print (x.shape)
print (y.shape)

#Output
(1000, 14)
(1000,)

)k&ﬁJ) VRN ;JLFJAJFJ g;lCDULr” lijJﬁﬁ V?“jj
from sklearn.model selection import train test split

x train, x test, y train, y test = train test split(x, y, test size =
0.25, random state = 45)

print (x_train.shape)
print (y train.shape)
print (x_test.shape)
print (y test.shape)

#Output
(750, 14)
(750,)
(250, 14)
(250,)

#importing the MinMaxScaler
from sklearn.preprocessing import MinMaxScaler

#creating a scaler
mm = MinMaxScaler ()

#feeding the independent variable into the scaler

x _train = mm.fit transform(x_train)
x_test = mm.transform(x_test)

(PCA) s JI U S o e
from sklearn.decomposition import PCA

#creating a principal component analysis model
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pca = PCA(n_components = None)

#feeding the independent variables to the PCA model
x _train = pca.fit transform(x train)
X _test = pca.transform(x_ test)

#visualising the principal components that will explain the highest
share of variance
explained variance = pca.explained variance ratio_
print (explained variance)

#creating a principal component analysis model
pca = PCA(n_components = 2)

#feeding the independent variables to the PCA model

x _train = pca.fit transform(x train)
X _test = pca.transform(x_test)

a0l
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from sklearn.linear model import LogisticRegression

#creating a model
model = LogisticRegression()

#feeding the training data to the model
model.fit (x train, y train)

#predicting the test set results
y _pred = model.predict (x_test)

#calculating the classification accuracies
print ("Training Accuracy :", model.score(x train, y train))
print ("Testing Accuracy :", model.score(x_test, y test))
Output-

Training Accuracy : 0.3933333333333333
Testing Accuracy : 0.424
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from sklearn.metrics import confusion matrix

#creating a confusion matrix
cm = confusion matrix(y_test, y pred)

#printing the confusion matrix

plt.rcParams|['figure.figsize'] (8 ,8) =

sns.heatmap (cm, annot = True, cmap = 'Greens')

plt.title('Confusion Matrix for Logistic Regression', fontweight = 30,
fontsize 20)

plt.show ()
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Confusion Matrix for Logistic Regression
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from sklearn.ensemble import RandomForestClassifier

#creating a model
model = RandomForestClassifier ()

#feeding the training data to the model
model.fit(x_train, y train)

#predicting the x-test results
y_pred = model.predict (x_test)

#calculating the accuracies
print ("Training Accuracy :", model.score(x_train, y_ train))
print ("Testing Accuracy :", model.score(x_test, y test))

Output-
Training Accuracy : 0.9986666666666667
Testing Accuracy : 0.784

from sklearn.metrics import confusion matrix

#creating a confusion matrix
cm = confusion matrix(y_test, y pred)

#printing the confusion matrix
plt.rcParams|['figure.figsize'] (8 ,8) =

sns.heatmap (cm, annot = True, cmap = 'Reds')
plt.title('Confusion Matrix for Random Forest', fontweight = 30,
fontsize = 20)
plt.show ()

Confusion Matrix for Random Forest
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from pandas.plotting import radviz
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fig, ax = plt.subplots(figsize=(12, 12))

new df = x.copy()

new df["status"] =y

radviz (new_df, "status", ax=ax, colormap="rocket")
plt.title('Radial Visualization for Target',6 fontsize = 20)

plt.show()

Radial Visualization for Target
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180 Data Science and Machine Learning Projects with Python, Aman

Kharwal, https://medium.com/coders-camp/180-data-science-and-

machine-learning-projects-with-python-6191bc7b9db9.

12 Machine Learning Projects on Object Detection, Aman Kharwal ,
https://amankharwal. medium.com/12-machine-learning-projects-
on-object-detection-46b32adc3c37.

10 Machine Learning Projects on Time Series Forecasting Aman

Kharwal, https://medium.com/coders-camp/10-machine-learning-

projects-on-time-series-forecasting-ee0368420ccd.

20 Machine Learning Projects on Future Prediction with Python,

Kharwal, https://amankharwal. medium.com/20-machine-learning-

projects-on-future-prediction-with-python-93932d9a7{7f.

5 Machine Learning Projects for Healthcare, Kharwal,
https://medium.datadriveninvestor.com/5-machine-learning-
projects-for-healthcare-bbd0Oeac57b4a

Top 47 Machine Learning Projects for 2022 [Source Code Included],
https://data-flair. training/blogs/machine-learning-project-ideas/.

Use Cases, https://cainvas.ai-tech.systems/
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