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import pandas as pd
import numpy as np
import plotly.express as px
import plotly.graph objects as go

data = pd.read csv("Salary Data.csv")
print (data.head())

YearsExperience Salary

(2] 1.1 39343.0
1 1.3 46205.0
2 1.5 37731.e
3 2.0 43525.0
4

2.2 39891.0
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https://statso.io/salary-prediction-case-study/
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N (T (null values) 4,0 .3 ST e 6520 UL s pazes SO Lo Gimes Lies

print (data.isnull () .sum())
YearsExperience %]
Salary (2]

dtype: int64

§esdls SO o BN o 3 0 2 Uges I 13 (6T e UL e gora (500 Y
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figure = px.scatter (data frame = data ,
x="Salary,"
y="YearsExperience ,
size="YearsExperience ,"
trendline="ols")

figure.show ()
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from sklearn.model selection import train test split
from sklearn.linear model import LinearRegression

X = np.asanyarray(datal["YearsExperience"]])
y = np.asanyarray(datal[["Salary"]])
xtrain, xtest, ytrain, ytest = train test split(x, vy,
test size=0.2,
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random_ state=42)

r Y ) 5 50 )5 LSy iSO YI L)

model = LinearRegression()
model.fit (xtrain, ytrain)

o pkedl S ] 5 500 el Lo ased ol o855 Les oY)

a = float (input ("Years of Experience : "))
features = np.array([[a]])
print ("Predicted Salary = ", model.predict (features))

Years of Experience : 2

Predicted Salary = [[44169.21365784]]
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Clustering with Machine Learning
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import pandas as pd

import numpy as np
from sklearn import cluster

data = pd.read csv ("CC GENERAL.csv")
print (data.head())


https://statso.io/customer-segmentation-case-study/
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CUST_ID BALANCE BALANCE_FREQUENCY PURCHASES ONEOFF_PURCHASES \
e Cleeel 408.900743 @.818182 95.40 a.ee
1 Cleeez 3202.467416 8.9850391 e.ee a.ee
2 (Cleee3 2495.148862 1.ee00008 773.17 773.17
3 C(Cleeed 1666.670542 8.636364 1499.00 1499.00
4 Cleees  817.714335 1.000000 lc.00 lc.02

INSTALLMENTS_PURCHASES CASH_ADVANCE

PURCHASES_FREQUENCY \

PURCHASES_TRX CREDIT_LIMIT \

leee.e
70e0.0
75e0.8
7500.09
1200.0

e 85.4 ©.080000 B8.166667

a e.e 6442.545483 ©.080000

2 e.e ©.e80800 1.808000

3 e.e 205.788017 ©8.083333

4 @a.e 9.000000 ©.083333

ONEOFF_PURCHASES_FREQUENCY PURCHASES_INSTALLMENTS_FREQUENCY \

(-] ©.000000 9.883333

a 8.eee00e ©.080808

2 1.ee6000 ©.000800

3 ©.883333 ©.080800

4 ©.883333 ©.080000

CASH_ADVANCE_FREQUENCY CASH_ADVANCE_TRX

e ©.0e0000 e 2

a ©.250000€ 4 e

2 ©.000000 e 12

3 9.083333 1 1

4 ©.000000 a 1
PAYMENTS MINIMUM_PAYMENTS PRC_FULL_PAYMENT TENURE

e 201.802884 139.589787 0.e00000 12

1 4183.832597 1872.340217 8.222222 12

2 622.866742 627.284787 0.eo0eee 12

3 8.000000 NaN @.000000 12

4 678.334763 244,791237 @.000008 12

pl48,0 o3 (gl e (5500 odn SLLII e gorms COSTI3] Lo 3ot Lies (Lol el J3

data.isnull () .sum()

CUST_ID
BALANCE

BALANCE_FREQUENCY

PURCHASES

ONEOFF_PURCHASES
INSTALLMENTS_PURCHASES
CASH_ADVANCE

PURCHASES_FREQUENCY
ONEOFF_PURCHASES_FREQUENCY
PURCHASES_INSTALLMENTS_FREQUENCY
CASH_ADVANCE_FREQUENCY
CASH_ADVANCE_TRX

PURCHASES_TRX

CREDIT_LIMIT

PAYMENTS

MINIMUM_PAYMENTS
PRC_FULL_PAYMENT

TENURE

dtype: int64

® ® 0 ® ® 0 0 O ©® ©® ® ®

® r o
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data = data.dropna ()
0LV Bllay o Dogod 8,5 Lad 3 523 UL e pazen e S Sla
LY Sl sMos Ul G inedl 4o JBALANCE. .1

Slla sMes bl (o el AN oL pldadl Hlais :PURCHASES .2
olasyl

OledY Blay > :CREDIT LIMIT .3

gl @)B o L, Co Ol bl sl C«;LJ LolS el ol uadl oda
(creditlimit) _slzsYl sl «(bank balance) de,..a.d\ 4o Iy «(buying history)
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clustering data = data[["BALANCE", "PURCHASES",

"CREDIT LIMIT"]]
from sklearn.preprocessing import MinMaxScaler

for i in clustering data.columns:
MinMaxScaler (1)

from sklearn.cluster import KMeans

kmeans = KMeans (n clusters=5)
clusters = kmeans.fit predict(clustering data)
data["CREDIT CARD SEGMENTS"] = clusters

S sso 'CREDIT CARD SEGMENTS" wul (ipis Byee il 4
0 o &Sl le gozall CJ\J:S OlesiYl @blas #Mas de gazes J 5> (labels) wlus
1ole gormall da elondl gy p 3l o) 4 )

data["CREDIT CARD SEGMENTS"] =
data["CREDIT CARD SEGMENTS"].map ({0: "Cluster 1", 1:

" Cluster 2", 2: "Cluster 3", 3: "Cluster 4", 4: "Cluster 5")}
print(data["CREDIT_CARD_SEGMENTS"J.head(lO))

Cluster 1
Cluster 3
Cluster 3
Cluster 1
Cluster 1
Cluster 5
Cluster 1
Cluster 3
Cluster 5
) Cluster 1

B W oo NGO W e N R

Name: CREDIT_CARD_SEGMENTS, dtype: object
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import plotly.graph objects as go
PLOT = go.Figure()
for i in list(data["CREDIT CARD SEGMENTS"].unique()):

PLOT.add trace(go.Scatter3d(x =
data[data["CREDIT CARD SEGMENTS"]== i] ['BALANCE,|
y = data[data["CREDIT CARD SEGMENTS"] =
i] ['PURCHASES'],
z = data[data["CREDIT CARD SEGMENTS"] =
i]['CREDIT_LIMIT']

)

mode = 'markers', marker size = 6,
marker line width = 1,
name = str (1) ((

PLOT.update traces (hovertemplate='BALANCE: %{x} <br>PURCHASES
%{y} <br>DCREDIT LIMIT: %{z}')

PLOT.update layout (width = 800, height = 800, autosize = True,
showlegend = True

scene = dict (xaxis=dict(title = 'BALANCE',
titlefont color = 'black,(
yaxis=dict (title = 'PURCHASES', titlefont color =
'black'),
zaxis=dict (title = 'CREDIT_LIMIT',
titlefont color = 'black')(
font = dict(family = "Gilroy", color =

'black', size = 12))

Cluster |
Cluster 3
Cluster 5
Cluster 2
Cluster 4

cecee

CREDIT_LIMIT

0k

S
10 "

% 5
e ‘5 BALANCE

el JYI (el el las ¥l Sl & 55 ol Ly SiSla 1 82 ol 2 o
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.(kitchen

-(size of the property) ;| oz .2

(the floor of the house) JyeJl L2l .3

-(area type) &kl ¢ 5 4

.(area locality) &)l Ao .5

(City) iodadl .6

.(furnishing status of the house) J 3l &3t I .7

i sl e 335 A Jalpall ) 5 Sy ] s 5l sl 220 U oL
JUPSLE AR & eSS Kaggle o WUl i gz o @ e U3 g.(.w
La e DU de gores o5 ASay
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import pandas as pd

import numpy as np

import matplotlib.pyplot as plt
import plotly.express as px
import plotly.graph objects as go

data = pd.read csv ("House Rent Dataset


https://www.kaggle.com/datasets/iamsouravbanerjee/house-rent-prediction-dataset
https://www.kaggle.com/datasets/iamsouravbanerjee/house-rent-prediction-dataset
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Posted On BHK Rent sSize Floor Area Type \
@ 2022-05-18 2 1eeee 110@ Ground out of 2  Super Area
1 2e22-e5-13 2 2ee0e 8ee 1 out of 3 Super Area
2 2022-@5-16 2 17eee 1leee 1 out of 3 Super Area
3 2022-e7-04 2 1leeee b= ] 1 out of 2 Super Area
4 2022-05-09 2 750@ 85 1 out of 2 Ccarpet Area
Area Locality City Furnishing Status Tenant Preferred \

e Bandel Kolkata uUnfurnished Bachelors/Family
1 Phool Bagan, Kankurgachi Kolkata Semi-Furnished Bachelors/Family
2 salt Lake city sector 2 Kolkata Semi-Furnished Bachelors/Family
3 Dumdum Park Kolkata Unfurnished Bachelors/Family
a South Dum Dum Kolkata unfurnished Bachelors

Bathroom Point of Contact
-] 2 Contact Owner
1 a Contact Owner
2 1 Contact Owner
3 1 Contact Owner
4 1 Contact Owner

Y el I 13 e (5500 UL SIS Les Gowt Les (oS o2l )5
print (data.isnull () .sum())

Posted On

BHK

Rent

Size

Floor

Area Type

Area Locality
City

Furnishing Status
Tenant Preferred

Bathroom

® ® ® 0 ® @ ® O ® ® ©® @

Point of contact
dtype: inte4

(UL Lo ) olslam Yl e s k5 Ak G ses

print (data.describe())

BHK Rent size Bathroom
count 4746. 4.74600 3 4746. 4746.
mean 2.083860 3.499345e+04 967.49@729 1.965866
std ©.832256 7.810641le+04 634.202328 ©.3884532
min 1. il 3 1. il
25% 2.000000 1.000008e+04 550.000000 1.000000
50% 2 il 04 850. 2
75% 3 s 4 12e0. 2o
max 6 2o 06 8000. 1e.
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(highest) els (median) damss Jbwd) (mean) baw s e 54 46 oY Les
1okl 5wl (lowest) d’ob

"Mean Rent: {data.Rent.mean()}")

print (
(f"Median Rent: {data.Rent.median()}")
(
(

f
print (£
print (f"Highest Rent: {data.Rent.max()}")
print (f"Lowest Rent: {data.Rent.min()}")

Mean Rent: 34993.45132743363
Median Rent: 16e00.@
Highest Rent: 3500000
Lowest Rent: 12ee

SVLally ol G sde e diee ke G50 o] e 50 AL Y Lyes
C,U:,ojb
figure = px.bar(data, x=data["City”],

y = data["Rent"],

color = data["BHK"],
title="Rent in Different Cities According to BHK”)
figure.show ()

Rent in Different Cities According to BHK

Rent

1om —

Kolkata Mumbai Bangalore Delh Chennal Hyderabad

ikl ¢ g b dalius 0o G5all slom] e 5050 AL Y1 L yes

figure = px.bar(data, x=data["City”],
y = data["Rent"],
color = data["Area Type"],
title="Rent in Different Cities According to Area Type”)
figure.show()
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Rent in Different Cities According to Area Type

Area Type
80M M Super Area
W Carpet Area
70M W Built Area
60M
SOM
=
g
& 40M
30M
20
I
10M
0
Kolkata Mumbai Bangalore Delhi Chennai Hyderabad
City

iyl et Bl Gid g dikises ke U3kl o] e 505 i oY1 bges

figure = px.bar(data, x=data["City”],
y = data["Rent"] ,
color = data["Furnishing Status"],

title="Rent in Different Cities According to Furnishing
Status”)

figure.show()
Rent in Different Cities According to Furnishing Status

Furnishing Status
M Unfurnished
W Semi-Furnished
W Fumished

Rent

10M —

Kolkata Mumbai Bangalore Delhi Chennai Hyderabad
City

1 pedl o o Lilide (ke édjwl)bglégsﬁqﬂsoﬁ\ Lses

figure = px.bar(data, x=datal["City”],
y = data["Rent"],
color = data["Size"],

title="Rent in Different Cities According to Size”)
figure.show()
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Rent in Different Cities According to Size

Size
8000

7000
6000

5000

Rent

4000

3000

2000

1000

Kolkata Mumbai Bangalore Delhi Chennai Hyderabad
City

F UL i gazead (b g diliies e (3)laedU dliall Jiladl ste o 3,00 2l o¥I G yes

cities = data["City"].value counts()
label = cities.index

counts = cities.values

colors = ['gold',6 'lightgreen']

fig = go.Figure(data=[go.Pie(labels=label, values=counts,
hole=0.5)1])

fig.update layout (title text='Number of Houses Available for
Rent!'")

fig.update traces (hoverinfo='label+percent', textinfo='value',
textfont size=30,

marker=dict (colors=colors, line=dict (color='black',
width=3)))
fig.show()

Number of Houses Available for Rent

Mumbai
Chennai
Bangalore
Hyderabad
Delhi
Kolkata

[=]=]s]=]u]n]

(tenants) o teed) e dikises g1 5Y B-ball J3bodl sde e 3,00 35 01 Lo

#Preference of Tenant

tenant = data["Tenant Preferred"].value counts()
label = tenant.index
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counts = tenant.values
colors = ['gold',6 'lightgreen']

fig = go.Figure (data=[go.Pie (labels=label, values=counts,

hole=0.5)1)
fig.update layout(title text='Preference of Tenant in India')
fig.update traces (hoverinfo='label+percent', textinfo='value',
textfont size=30,

marker=dict (colors=colors, line=dict(color='black',
width=3)))
fig.show()

Preference of Tenant in India

O Bachelors/Family
O Bachelors

B ramily

472

JHodl jlaub il @ 3g-0J
Lexbow dode iy JI (categorical features) &gl ol o dyL oYl
il sl 522 23 gal oyl

data["Area Type"] = data["Area Type"] .map ({"Super Area": 1,
! Carpet Area": 2,

Built Area": 3})

data["City"] = data["City"] .map ({"Mumbai": 4000, "Chennai":
6000,

! Bangalore": 5600, "Hyderabad": 5000,

! Delhi": 1100, "Kolkata": 7000})
data["Furnishing Status"] = data["Furnishing
Status"] .map ({"Unfurnished": 0,

"

"

Semi-Furnished": 1,

! Furnished": 2})
data["Tenant Preferred"] = data["Tenant
Preferred"] .map ({"Bachelors/Family": 2,

Bachelors": 1,
Family": 3})

"
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Posted On BHK Rent Size Floor Area Type \
@ 2022-05-18 2 1ee0@ 1100 Ground out of 2 1
1 2022-85-13 2 20000 800 1 out of 3 1
2 2022-85-16 2 17000 1eee 1 out of 3 1
3 2022-97-04 2 1leeeo 800 1 out of 2 1
4 2022-05-09 2 7500 850 1 out of 2 2
Area Locality City Furnishing Status Tenant Preferred \
e Bandel 7eee Q 2
1 Phool Bagan, Kankurgachi 70@e 1 =
2 salt Lake City Sector 2 7080 1 2]
3 Dumdum Park 70@@ 2] 2
4 South Dum Dum 7e¢ee 2] 1

Bathroom Point of Contact

e 2 Contact Owner
1 1 Contact Owner
2 1 Contact Owner
3 1 Contact Owner
4 1 Contact Owner

DLy oyl Sl sazes J) SULI endla oY)

##splitting data

from sklearn.model selection import train test split

X = np.array(datal[["BHK", "Size", "Area Type", "City",
"Furnishing Status", "Tenant Preferred",
"Bathroom"]])

y = np.array(data[["Rent"]])

xtrain, xtest, ytrain, ytest = train test split(x, vy,
test size=0.10,

random state=42)

ILSTM manll 30l) 3 505 ity Syl sl 5250 23 505 s 0V Ly

from keras.models import Sequential
from keras.layers import Dense, LSTM

model = Sequential()

model.add (LSTM (128, return sequences=True,
input shape= (xtrain.shape[l], 1)))

model.add (LSTM (64, return sequences=False))

model.add (Dense (25))

model.add (Dense (1))
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Model: "sequential”

Layer (type) output shape Param #
1stm (LSTM) (None, 7, 128) 66568
Istm_1 (LSTM) (None, 64) 49408
dense (Dense) (None, 25) 1625
dense_1 (Dense) (None, 1) 26

Total params: 117,619
Trainable params: 117,619

Non-trainable params: @

model.compile (optimizer='adam', loss='mean squared error')
model.fit (xtrain, ytrain, batch size=1, epochs=21)

Epoch 1/21
4271/4271 [ 1 - 35s 7ms/step - loss: 7038080512.0000
Epoch 2/21

4271/4271 [ ] - 31s 7ms/step - loss: 6481502720.0000
Epoch 3/21

4271/4271 [ 1 - 31s 7ms/step - loss: 6180754944.0000
Epoch 4/21

4271/4271 [ ] - 31s 7ms/step - loss: 5968361472.0000
Epoch 5/21

4271/4271 [ ] - 30s 7ms/step - loss: 5770649088.00600
Epoch 6/21

4271/4271 [ ] - 295 7ms/step - loss: 5618835968.8600
Epoch 7/21

4271/4271 [ ] - 30s 7ms/step - loss: 5440893952.0000
Epoch 8/21

4271/4271 [ ] - 295 7ms/step - loss: 5341533696.0000
Epoch 9/21

4271/4271 [ 1 - 3@s 7ms/step - loss: 5182846976
Epoch 10/21

4271/4271 [ 1 - 31s 7ms/step - loss: 5106288128.0000
Epoch 11/21

4271/4271 [ 1 - 30s 7ms/step - loss: 5@76118528.0000
Epoch 12/21

427174271 [ ] - 30s 7ms/step - loss: 5001080320.0000
Epoch 13/21

427174271 [ ] - 31s 7ms/step - loss: 4941253120.0000
Epoch 14/21

4271/4271 [ ] - 33s Bms/step - loss: 4904356864.0000
Epoch 15/21

4271/4271 T 1 - 295 7ms/steo - loss: 4854262784.8600
Epoch 16/21

427174271 [ 1 - 38s 7ms/step - loss: 4855796736.0000
Epoch 17/21

427174271 [ 1 - 36s 8ms/step - loss: 4764052480.0000
Epoch 18/21

427174271 [ 1 - 38s 7ms/step - loss: 4709226496.0000
Epoch 19/21

427174271 [ ] - 31s 7ms/step - loss: 4702300160.0000
Epoch 20/21

427174271 [ 1 - 31s 7ms/step - loss: 4670900736.0000
Epoch 21/21

427174271 [ 1 - 31s 7ms/step - loss: 4755582976.0000

<keras.callbacks.History at @x7fdldeb6c9d@>
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fophedl 3 el sy ST lie Ll 3ol 228 L oY)

print ("Enter House Details to Predict Rent")

a = int (input ("Number of BHK: "))

b = int (input ("Size of the House: "))

@ int (input ("Area Type (Super Area = 1, Carpet Area = 2,
Built Area = 3): "))

d = int (input ("Pin Code of the City: "))

e = int (input ("Furnishing Status of the House (Unfurnished =
0, Semi-Furnished = 1, Furnished = 2): "))

f = int (input ("Tenant Type (Bachelors = 1, Bachelors/Family =
2, Only Family = 3): "))

g = int (input ("Number of bathrooms: "))

features = np.array([[a, b, ¢, d, e, £, gll)

print ("Predicted House Price = ", model.predict (features))

Enter House Details to Predict Rent

Number of BHK: 3

Size of the House: 1108

Area Type (Super Area = 1, Carpet Area = 2, Built Area = 3): 2

Pin Code of the City: 1100

Furnishing Status of the House (Unfurnished = @, Semi-Furnished = 1, Furnished = 2): 1
Tenant Type (Bachelors = 1, Bachelors/Family = 2, Only Family = 3): 3

Number of bathroems: 2

Predicted House Price = [[34922.3]]

uﬂi‘LLo."
Sy Lliall SULI o oS Slie w3l JYI el plasen) L2857 a ol
O ol - ool &l 5med G5 ISl i gy linll olanadl o ol dzs ¢ JYI NES
05U sl JYI el ol Jiedl Sl 52l J g Dl adin o 05 0055
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Password (JUI pdcil go Jgpoll ol 698 G820 (4
Strength Checker with Machine Learning

843 (Sho o Ry Gudad s (Password Strength Checker) i ,0dl &S558 3340
el SV ) Sl LA sl S8 e s psiis el LS
Gl YN el pltscnl LA pme 5 S 13]G Ll Lol g el 4S50
sLad) S o Clalbl g Dol ol 3.l dnlis Aliadl ol 50l LS5 53 o

05k el JYI el plasenly 55 ,all 2083 3 0

€90l 6Lod4 698 §810 <Ll Guoss
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augaawbg&%ﬁ\M\Csﬂ%)xdwyogmlﬁ.s,jfngww
SIS G o etV sty S Lolsull 5 g0 M5 03 Y1 o Lilises Sle gores (g diinae
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import pandas as pd

import numpy as np

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

from sklearn.ensemble import RandomForestClassifier

data = pd.read csv("data.csv", error bad lines=False)
print (data.head())


https://www.kaggle.com/datasets/bhavikbb/password-strength-classifier-dataset
https://www.kaggle.com/datasets/bhavikbb/password-strength-classifier-dataset
https://www.kaggle.com/datasets/bhavikbb/password-strength-classifier-dataset
https://www.kaggle.com/datasets/bhavikbb/password-strength-classifier-dataset
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password
kzde5577
kino3434

(]
1
2 visiZklyr
g megzy123
4

lamborghini

strength
1

R R R R

5308 3. (strength) 5581y (password) 5 g el &edS¢ s soe po SULIN de gazes 5SS

f(weak) dias 55,0l LlSTs 55
t(medium) daw g 59,00l S5 45

(strong) & s 59 el AalSs 45

g gvi]

b Ao gras dind o3 JI55ill 5500 (325 150 o)l Jpolor (ol 2l |3

data = data.dropna ()
data["strength"] = data["strength"].map({0: "Weak

gl
Vg

Medium, "
Strong”})

print (data.sample (5))

password strength
476676 Xupeten Weak
112569 <cdme6690669 Medium
267402 bluerosel29l  Medium
237407 2298409uur  Medium
336018 jejiens Weak

slas] dlas of s

J9soJl 4ol 698y §uiill 23goJ

Daped) BalS 55k sl JVN el 23 ses ol J) s oY) Les

oo bl el JI plow WY el SLS (tokenize) jes JI gbes o3 pecdl
Seo WSy S L (03 s pedl a5 550 S5e 15 By ol pUL,Y1 Lo e
Dol VPRV Ole sazes ‘_55l L(;otr-~33‘9 u;LJLSL:TJ‘

def word(password):

character=[]

for i in password:

character.append (i)
return character

X = np.array(data["password"])
y = np.array(data["strength"])

tdif = TfidfVectorizer (tokenizer=word)
x = tdif.fit transform(x)

xtrain, xtest, ytrain, ytest = train test split(x,

Y,


https://thecleverprogrammer.com/2022/01/04/sentence-and-word-tokenization-using-python/

5015058 G52

test size=0.05,
random state=42)

3l BedST8 g geal) Cioandl 23 503 o5 £SOV L)

model = RandomForestClassifier()

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

0.956991816498417

1o kel 3 gecdl plasialy 5 ,edl £edS3 8 e sl LSy S S| V)

import getpass
user = getpass.getpass ("Enter Password: ")
data = tdif.transform([user]) .toarray(

output = model.predict (data)
print (output)

Enter Password: «:s+eereee
['Strong']

i loll
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Spam Comments Detection with JUI olcil

Machine Learning

oad Lgd (Spam comments detection) «sé el & wladall Glacs| o
N0t) L g o b Sl o 1 (spam) L s o b ks Ll e colidacl]
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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 csv ("YoutubeOl-Psy.csv")
print (data.sample (5))


https://www.kaggle.com/datasets/lakshmi25npathi/images
https://www.kaggle.com/datasets/lakshmi25npathi/images
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287
43
265
322
89

287
43
265
322
89

287
43
265
322
89

COMMENT_ID AUTHOR \
z13vhnh5ewvdyzh3023bjz551xbwjznored diego acosta
z12jvnua2tifirkvk23cfjtpxwmgxfch@@4 Didier Drogba
z13ucxdzemugilv5n@4ccjloko25drfbdjs Haley Harmicar
z13uffbajziywScfp23bwbw5auytzdl5b04 Juris Dumagan

z12pzpvbfl2igbwhe@4cihtpuwymvrsgvsgok NstyIC Gold

DATE CONTENT \
2014-11-08T10:05:27 If I get 100 subscribers, I will summon Freddy...
2014-01-20T06:57:25 http://www.twitch.tv/jarcadc come follow and w...
2014-11-08T05:35:42 9 year olds be like, 'How does this have 2 bil...
2014-11-12T11:03:25 I think he was drunk during this :) x)
2014-11-03T20:41:23 Ching Ching ling long ding ring yaaaaaa Ganga ...

CLASS
1

® ® ® K

o (class column) &l 55ee5 (content column) & goeall 350 J] L C\:’od

data

tl3 el 2 oy 3 gedl MS 3wl b pes U L dagadl 120 UL e gazes

= data[["CONTENT", "CLASS"]]

print (data.sample (5))

160
157
336
329
79

CONTENT CLASS

CHECK MY CHANNEL FOR MY NEW SONG 'STATIC'!! YO... 1

Follow me on Twitter @mscalifornia9s 1
To everyone joking about how he hacked to get ... ]
FOLLOW MY COMPANY ON TWITTER thanks. https:/... 1
Hi there~I'm group leader of Angel, a rookie K... 1

B s o Dpbn b Gl e 6 0 oty 15 0 el e A1 5 pes g g

not '

5 "spam” Sl paseala Ll siy V1 Jands 4 O e b Gl I 1

051 550 Y "spam

data["CLASS"] = data["CLASS"].map({0: "Not Spam,"

" :1 Spam Comment”) }

print (data.sample (5))

161
335
134
209
45

CONTENT CLASS

Incmedia.org where the truth meets you. Spam Comment

Hey guys can you check my YouTube channel I kn... Spam Comment
Y VYV VVSVY Not Spam

How can this music video get 2 billion views w... Not Spam

....subscribe...... ...... 9 [aoconooo ooooooo Spam Comment
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i35l oy ) Bernoulli Naive Bayes

x
y

np.array(data["CONTENT"])
np.array (data["CLASS"])

cv = CountVectorizer ()
x = cv.fit transform(x)
xtrain, xtest, ytrain, ytest = train test split(x, y ,

test size=0.2 ,
random_state=42 (
model = BernoulliNB ()

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

©.9857142857142858
138" not spam’”s "spam” Sl i IS e 3 pedl oS oY Les

sample = "Check this out: https://thecleverprogrammer.com "/
data = cv.transform([sample]) .toarray()
print (model.predict (data))

[ "Spam Comment']
1

sample = "Lack of information

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

[ "Not Spam']
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https://thecleverprogrammer.com/2021/07/27/bernoulli-naive-bayes-in-machine-learning/
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Online Food Order Prediction with Machine L“,J]JI

Learning
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import numpy as np
import pandas as pd
import numpy as np

import plotly.express as px
import plotly.graph objects as go


https://raw.githubusercontent.com/amankharwal/Website-data/master/onlinefoods.csv
https://raw.githubusercontent.com/amankharwal/Website-data/master/onlinefoods.csv
https://raw.githubusercontent.com/amankharwal/Website-data/master/onlinefoods.csv
https://raw.githubusercontent.com/amankharwal/Website-data/master/onlinefoods.csv
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import matplotlib.pyplot as plt
import seaborn as sns
sns.set theme (style="whitegrid")

data = pd.read_csv("onlinefoods.csv")
print (data.head())

Age Gender Marital Status Occupation Monthly Income \

-] 2@ Female Single Student No Income
1 24 Female Single Student Below Rs.lB808@
2 22 Male Single Student Below Rs.l00@8@
3 22 Female Single Student No Income
4 22 Male Single Student Below Rs.l808@

Educational Qualifications Family size latitude longitude Pin code \
Post Graduate 4 12.9766 77.5993 568801
12.977@ 77.5773 56088089
12.9551 77.6593 56eel17
12.9473 77.5616 56819
12.9850 77.5533 Sceele

Graduate
Post Graduate

Graduate

bW R ®
oo W ow

Post Graduate

Output Feedback Unnamed: 12

e Yes Positive Yes
1 Yes Positive Yes
2 Yes MNegative Yes
3 Yes Positive Yes
4 Yes Positive Yes

S Sl ghas e UL e sazes (6 5200 UL
(Age) Jooddl e 1
(Gender) Jad)l iz .2
.(Marital Status) Joeald Lol dl .3
(Occupation) Joeall £ge .4
.(Monthly Income) Joerld 5,301 J=U1 .5
.(Educational Qualifications) J~exl M‘ Jasadl 6
(Family size) Jroall3,Yl o .7
-(longitude latitude) Joand) xdgod (2 ,alls Jshll byl .8
{(Pin code) Joard! 2] Joeas Lol 5l 03129
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<class 'pandas.core.frame.DataFrame'>
RangeIndex: 388 entries, @ to 387

Data columns (total 13 columns):

# Column Non-Null Count Dtype

@ Age 388 non-null int64

1 Gender 388 non-null object
2 Marital Status 388 non-null cbject
3  Occupation 388 non-null object
4 Monthly Income 388 non-null object
5 Educational Qualifications 388 non-null object
6 Family size 388 non-null inted

7 latitude 388 non-null float64
8 longitude 388 non-null fleoat6d
9 Pin code 388 non=-null int6d

18 Output 388 non-null object
11 Feedback 388 nen-null object
12 Unnamed: 12 388 non-null object

dtypes: float64(2), int64(3), object(8)
memory usage: 39.5+ KB

None
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plt.figure(figsize=(15, 10))

plt.title ("Online Food Order Decisions Based on the Age of the
Customer")

sns.histplot (x="Age", hue="Output", data=data)

plt.show()

Online Food Order Decisions Based on the Age of the Customer

Output
Yes
No

2 2 % »
Age
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plt.
plt.

the

sns.
plt.

figure (figsize= (15, 10))
title ("Online Food Order Decisions Based on the Size of
Family")

histplot (x="Family size", hue="Output", data=data)
show()
Online Food Order Decisions Based on the Size of the Family
Output
s
-
© —
© B —
3
o
x I |
. . l I m Hm
1 2 3 4 5 3

Family size
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buying again data = data.query ("Output == 'Yes'")
print (buying again data.head())

Age Gender Marital Status Occupation Monthly Income \

e 20 Female Single Student No Income
1 24 Female Single Student Below Rs.10800
2 22 Male Single Student Below Rs.108800
3 22 Female Single Student No Income
4 22 Male Single Student Below Rs.l@@@80

Educational Qualifications Family size latitude longitude Pin code \

e Post Graduate 4  12.9766 77.5993 560001
1 Graduate 3 12.9778 77.5773 560009
2 Post Graduate 3 12,9551 77.6593 560017
3 Graduate 6 12.9473 77.5616 560019
a4 Post Graduate 4  12.9850 77.5533 560018

Qutput Feedback Unnamed: 12

(-] Yes Positive Yes
1 Yes Positive Yes
2 Yes Negative Yes
3 Yes Positive Yes
a4 Yes Positive Yes
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gender = buying again data["Gender"].value counts()
label = gender.index

counts = gender.values

colors = ['gold',6 '"lightgreen']

fig = go.Figure (data=[go.Pie(labels=label, values=counts)])
fig.update layout (title text='Who Orders Food Online More:
Male Vs. Female')
fig.update traces (hoverinfo='label+percent', textinfo='value',
textfont size=30,

marker=dict (colors=colors, line=dict(color='black',
width=3))(

fig.show()

Who Orders Food Online More: Male Vs. Female

O wae

O remale
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marital = buying again data["Marital Status"].value counts()
label = marital.index

counts marital.values

colors = ['gold',6 'lightgreen']

fig = go.Figure (data=[go.Pie (labels=label, values=counts)])
fig.update layout (title text='Who Orders Food Online More:
Married Vs. Singles')
fig.update traces (hoverinfo='label+percent', textinfo='value',
textfont size=30,

marker=dict (colors=colors, line=dict (color='black',
width=3)))
fig.show()
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Who Orders Food Online More: Married Vs. Singles

O single
B married
H Frefer not to say

66
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income = buying again data["Monthly Income"].value counts()
label = income.index

counts = income.values

colors = ['gold',6 '"lightgreen']

fig = go.Figure (data=[go.Pie(labels=label, values=counts)])
fig.update layout (title text='Which Income Group Orders Food
Online More')
fig.update traces (hoverinfo='label+percent', textinfo='value',
textfont size=30,

marker=dict (colors=colors, line=dict (color='black',
width=3)))
fig.show()

Which Income Group Orders Food Online More

No Income

More than 50000
25001 to 50000
10001 to 25000
Below Rs.10000
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data["Gender"] = data["Gender"].map ({"Male": 1, "Female": 0})
data["Marital Status"] = data["Marital

Status"] .map ({"Married": 2

"

)

Single": 1

)

"

Prefer not to say": 0})
data["Occupation"] = data["Occupation"].map ({"Student": 1
Employee": 2

)

Self Employeed": 3

House wife": 4})

data["Educational Qualifications"] = data["Educational
Qualifications"] .map ({"Graduate": 1,
Post Graduate": 2,
Ph.D": 3, "School": 4
Uneducated": 5})
data["Monthly Income"] = data["Monthly Income"].map ({"No

)

Income": O

)

25001" to 50000": 5000,
! More than 50000": 7000,
10001" to 25000": 25000,

"

Below Rs.10000": 10000})

data["Feedback"] = data["Feedback"].map({"Positive": 1,
"Negative ": 0})
print (data.head())

Age Gender Marital Status Occupation Monthly Income \

e 20 e 1 1 -]
1 24 e 1 1 leeee
2 22 1 1 1 leeee
3 22 ] 1 1 ]
4 22 1 1 1 leeee

Educational Qualifications Family size latitude longitude Pin code \

e 2 4 12.9766 77.5993 56ee01
1 1 3 12.977e 77.5773 568009
2 2 3 12.9551 77.6593 568017
3 1 6 12.9473 77.5616 56e019
4 2 4 12,9858 77.5533 56eele

Output Feedback Unnamed: 12

e Yes 1 Yes
1 Yes 1 Yes
2 Yes e Yes
3 Yes 1 Yes
4 Yes 1 Yes

Ul e pleladl oddng gl gagoJ
Tl Y el 5,318 0 s ool OIS15] Loy 322l JUN ol 23505 oy 01 s
Q%&&Lg%fuJSc)uqu=ngglcubyg|rrle
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#splitting data

from sklearn.model selection import train test split
X = np.array(data[["Age", "Gender", "Marital Status",
"Occupation '

"

Monthly Income", "Educational Qualifications)'

"

Family size", "Pin code", "Feedback([["
y = np.array(data[["Output"]])

P IV el 25 500 s 9 Lo

#itraining a machine learning model
from sklearn.ensemble import RandomForestClassifier
xtrain, xtest, ytrain, ytest = train test split(x, vy,
test size=0.10,
random state=42(

model = RandomForestClassifier()

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

9.9487179487179487
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print ("Enter Customer Details to Predict If the Customer Will
Order Again")

a = int (input ("Enter the Age of the Customer: "))

b = int (input ("Enter the Gender of the Customer (1 = Male, O
Female): "))

c = int (input ("Marital Status of the Customer (1 = Single, 2 =
Married, 3 = Not Revealed): "))

d = int (input ("Occupation of the Customer (Student 1,
Employee = 2, Self Employeed = 3, House wife = 4): "))

e = int (input ("Monthly Income: "))

f = int (input ("Educational Qualification (Graduate = 1, Post
Graduate = 2, Ph.D = 3, School = 4, Uneducated = 5): "))

g = int (input ("Family Size: "))

h = int (input ("Pin Code: "))

i = int (input ("Review of the Last Order (1 = Positive, 0 =
Negative): "))

features = np.array([[a, b, ¢, d, e, £, g, h, i]])

print ("Finding if the customer will order again: ",

model .predict (features))
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Enter Customer Details to Predict If the Customer Will Order Again

Enter the Age of the Customer: 22

Enter the Gender of the Customer (1 = Male, @ = Female): 1

Marital Status of the Customer (1 = Single, 2 = Married, 3 = Not Revealed): 1

Occupation of the Customer (Student = 1, Employee = 2, Self Employeed = 3, House wife = 4): 1
Monthly Income: @

Educational Qualification (Graduate = 1, Post Graduate = 2, Ph.D = 3, School = 4, Uneducated = 5): 1
Family Size: 3

Pin Code: 5680818

Review of the Last Order (1 = Positive, © = Negative): 1

Finding if the customer will order again: ['Yes']
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R ecommendation System with Machine Learning
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import pandas as pd

import numpy as np

from sklearn.feature extraction import text

from sklearn.metrics.pairwise import cosine similarity

data = pd.read csv("Instagram data.csv")

print (data.head())

35
48
62
23

8

619
1174

932
279

Follows
2

18

12

8

(-]

Caption

Date Impressions From Home From Hashtags From Explore \
@ 2821-12-1e 3920 2586 le28
1 2821-12-11 53394 2727 1838
2 2021-12-12 4821 2085 1188
3 2021-12-13 4528 2700 621
4 2021-12-14 2518 17e4 255
From Other Saves Comments Shares Likes Profile Visits
-] 56 98 9 5 162
1 78 194 7 14 224
2 533 41 11 1 131
3 73 172 1e 7 213
4 37 26 5 4 123
Conversion Rate
e 5.714286 Here are some of the most important data visua...
1 20.833333 Here are some of the best data science project...
2 19.354839 Learn how to train a machine learning model an...
3 34.782609 Here’s how you can write a Python program to d...
4 ©.200000 Plotting annotations while visualizing your da...
Hashtags
@ #finance #money #business #investing #investme...
1 #healthcare #health #covid #data #datascience ...
2 #data #datascience #dataanalysis #dataanalytic...
3 #python #pythonprogramming #pythonprojects #py...
4 #datavisualization #datascience #data #dataana...

\

Lad(hashtags) dlilgdl wbdes (caption) dowws sl Landdl 550s Lais Sl

data = data[["Caption",

print (data.head())

"Hashtags"]]

tiaga]!


https://www.instagram.com/the.clever.programmer/
https://www.instagram.com/the.clever.programmer/
https://raw.githubusercontent.com/amankharwal/Website-data/master/Instagram%20data.csv
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Caption \

Here are some of the most important data visua...
Here are some of the best data science project...
Learn how to train a machine learning model an...

Here's how you can write a Python program to d...

B W N B O

Plotting annotations while wvisualizing your da...

Hashtags
#finance #money #business #investing #investme...
#healthcare #health #covid #data #datascience ...
#idata #datascience #dataanalysis #dataanalytic...

#python #pythonprogramming #pythonprojects #py...

B W N B O

#datavisualization #datascience #data #dataana...

wlidl ax sl Je ) siall &f)ﬂ Al J(cosine similarity) Lol o Ll L rbawfu
e Lo gl Lo el piiadl o wliadl axsl Lo gl d ioend gl Sl oy
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captions = data["Caption"].tolist ()

uni tfidf = text.TfidfVectorizer (input=captions,
stop words="english")

uni matrix = uni tfidf.fit transform(captions)
uni sim = cosine similarity(uni matrix)

def recommend post (x):
return ", ".join(data["Caption"].loc[x.argsort()[-5:-1]1])

data["Recommended Post"] = [recommend post(x) for x in
uni_sim]
print (data.head())

Caption \
@ Here are some of the most important data visua...
1 Here are some of the best data science project...
2 Learn how to train a machine learning model an...
3 Here’s how you can write a Python program to d...
4 Plotting annotations while visualizing your da...

Hashtags \
@ #finance #money #business #investing #investme...
1 #healthcare #health #covid #data #datascience ...
2 #data #datascience #dataanalysis #dataanalytic...
3 #python #pythonprogramming #pythonprojects #py...
4 #datavisualization #datascience #data #dataana...
Recommended Post
@ Here are some of the most important tools that...
1 Here are some of the best data science project...
2 Data Science Use Cases: Here’s how Zomato is u...
3 Here’s how to write a Python function to rever...
4 Practice these 90+ Data Science Projects For B...


https://thecleverprogrammer.com/2021/02/27/cosine-similarity-in-machine-learning/
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print (data["Recommended Post"][3])

Here’s how to write a Python function to reverse a string.,

To calculate the execution time of the program, we need to calculate the time taken by the program
from its initiation to the final result. Here’s how to calculate the execution time of a Python
program. ,

Here’s how to calculate execution time of a Python program.,

Grouping anagrams is one of the popular questions in coding interviews. Here you will be given a list
of words, and you have to write an algorithm to group all the words which are anagrams of each other.

Here's how to group anagrams using Pythen.

!
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Prediction with Machine Learning
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import numpy as np

import pandas as pd

import plotly.express as px

from sklearn.model selection import train test split
from sklearn.linear model import LinearRegression

data = pd.read csv("Student Marks.csv")
print (data.head (10))

number_courses time_study Marks
4.508 19.282
0.896 7.734
3.133 13.811
7.983 53.e18
7.811 55.299
3.211 17.822
6.063 25.889
3.413 17.264
4.410 20.348
6.173 3e.862

LW N WM A W N RO
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https://www.kaggle.com/datasets/yasserh/student-marks-dataset
https://raw.githubusercontent.com/amankharwal/Website-data/master/Student_Marks.csv
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print (data.isnull () .sum())
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data["number courses"].value counts()

22
21
16
16
15
1le

[ I I I T ]

Name: number_courses, dtype: int&4
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figure = px.scatter (data frame=data, x
y = "Marks", size
title="Number of Courses and Marks

Scored”)
figure.show ()

Number of Courses and Marks Scored

60

Marks
w
&

«DIQI@)
o)

« o9 (@ .

IS

5

CT()

10D

6

number_courses

"number courses”,
"time study”,

@ W

a0 @)



T

15) CIUall s e S50 Y B ol S sde 0 J sl Loy kel bl o suad G
ab o SN 3 e B e 3 GG e w01 e ol sy S OIS
: Il Ll 21 ol lll s Cin g

figure = px.scatter (data frame=data, x = "time study”’

y = "Marks", size = "number courses”,

title="Time Spent and Marks Scored", trendline="ols”)
figure.show()

Time Spent and Marks Scored

60
50
40

30

Marks

20

10

]

time_study
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correlation = data.corr()
print (correlation["Marks"].sort values (ascending=False))

Marks 1.000000
time_study ©.942254
number_courses ©.417335

Name: Marks, dtype: float6d

A5 pendl e 25T Sl 5 gams Bl )l 28T 005 time studied s ol o 130
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X np.array(data[["time study", "number courses"]])
vy np.array(data["Marks"])

xtrain, xtest, ytrain, ytest = train test split(x, vy,
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test size=0.2,
random state=42)

linear ) sl esV Loj)l s plisealy %;Sn Al 23005 sk wsL Y

:(regression

model = LinearRegression()
model.fit (xtrain, ytrain)
model.score (xtest, ytest)

©.9459936108591212
) Sladl e Bl M s JNS e Mia JYI el 23 505 ool s oY1 Les
Pl Sl 5l 5 el gyt Labiadsnnd

#Features = [["time study", "number courses"]]

features = np.array([[3,4.508])])
model .predict (features)

array([22.30738483])
0L el VI (el 4l U1 IRl ol el Ly Sy 1 2 )l a o
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Machine Learning
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2525 e (transaction) deleall ¢ 55 itype .1

PIVEIN] CL» :amount .2

Alslaad! Tag g Jeon)l :nameOrig .3

Jlaladl 13 o JI ioldbalanceOrg .4

Aeleadl d Ao Jl inewbalanceOrig .5

IR V.Lm» :nameDest .6

Abelaadl 3 0knal] Sadl ds I zo0ldbalanceDest .7


https://www.kaggle.com/ealaxi/paysim1/download
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Aelradl drs osld dpsod! Ao ) inewbalanceDest .8

Jles! dslas :isFraud .9

w2 2 e ) Bl e i)l dage lgadsead Al UL OV G o el
o @3 3L e it VI sl sl LeSlay S sl oo el G0V
Ol pll o )

UL ol iwl ¢yl e ailegéarol) Juinll @iiid
Lo 1 SBL s gazmns &5 ) 050 laSCo 31l o sb o5 dagadl odn Tl
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import pandas as pd
import numpy as np

data = pd.read_csv("credit card.csv")

print (data.head())

step type amount nameOrig oldbalanceOrg

e 1 PAYMENT 9839.64 C1231006815 17e136.0
1 1 PAYMENT 1864.28 (1666544235 21249.0
2 1 TRANSFER 181.8@ (1385486145 181.@
3 1 CASH_ouT 18l.ee (840083671 18l.e
4 1 PAYMENT 11668.14 (C2e48537720 41554.8
nameDest oldbalanceDest newbalanceDest isFraud

@ M1979787155 0.9 e.e e
1 M2e44282225 e.e e.e ]
2 (553264065 e.e e.e 1
3 c3899701e 21182.8 e.e 1
4 Ml23e7017@3 e.e e.e e

newbalanceOrig \
168296.36
19384.72
e.00
e.ee
29885.86

isFlaggedFraud
e

® 0 © ©

Y el 326 13 (ol o (5o oda SULIN i yaze IS Lo e 8l Ak Les (oY)

print (data.isnull () .sum())

step

type

amount
nameOrig
oldbalanceOrg
newbalanceOrig
nameDest
oldbalanceDest
newbalanceDest

isFraud

e ® ¢ @ © @ O O © 9O O

isFlaggedFraud
dtype: inte4

b OV Les (Gus aall |3 22506 o3 (ol e eda SULII de pere (g0 Y U
(UL e gore 5y sSTall dlalaodl 5 o 3 12
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#Exploring transaction type
print (data.type.value counts())

CASH_OUT 2237580

PAYMENT 2151485
CASH_IN 1399284
TRANSFER 532%09
DEBIT 41432

Name: type, dtype: int64

type = data["type"].value counts ()
transactions = type.index
quantity = type.values

import plotly.express as px

figure = px.pie(data ,
values=quantity ,
names=transactions,hole = 0.5 ,

title="Distribution of Transaction Type”)
figure.show ()

Distribution of Transaction Type

CASH_OUT
PAYMENT
CASH_IN
TRANSFER
DEBIT

0.651%

:isFraud » ses oo UL e BN e s,k &b oVl tes

#Checking correlation
correlation = data.corr ()
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print (correlation["isFraud"].sort values (ascending=False))

isFraud 1.ee0000
amount ©.876688
isFlaggedFraud @.e441e9
step ©.831578
oldbalanceQrg ©.e10154
newbalanceDest ©.800535
oldbalanceDest ©.8e5885

newbalanceOrig -9.ee8l4s
Name: isFraud, dtype: float64

Lié.ﬂ L r}s‘u .(numerical) Lsdae J| (categorical) L gl wlandl J g0 oY Les
Jail vgp Jo Jsamll Fraud 5 No Fraud olbews J isFraud ssee o3 Lo
HEHEERINT

data["type"] = data["type"].map ({"CASH OUT": 1, "PAYMENT": 2,
! CASH IN": 3, "TRANSFER": 4,
DEBIT": 5})

data["isFraud"] = data["isFraud"].map({0: "No Fraud", 1:
"Fraud"})
print (data.head())

"

step type amount nameOrig oldbalanceOrg newbalanceOrig Y\

e 1 2 9839.64 (1231006815 170136.0 160296.36
i 1 2 1864.28 (1666544295 21249.8 19384.72
2 1 4 181.0@ (1385486145 1g8l.0 e.e0
3 1 1 181.80 C840083671 18l.e 0.00
4 1 2 11668.14 (2048537720 41554.8 29885.86

nameDest oldbalanceDest newbalanceDest isFraud isFlaggedFraud
e M1979787155 a.e 0.2 No Fraud ]
1 M2e44282225 a.e 0.2 No Fraud ]
2 (553264065 e.e e.e Fraud ]
3 c3g9s37018 21182.0 e.e Fraud ]
4 M1230781703 e.e 0.8 No Fraud ]

U0l pe aalegdaold Juiall @iiih gigod
ok 5 Al sl Al oMbl i) Citad 23500 ol 0V Les
DLy copds Ol gazes J) UL sl |

#splitting the data

from sklearn.model selection import train test split
X = np.array(data[["type", "amount", "oldbalanceOrg",
"newbalanceOrig"]])

y = np.array(datal[["isFraud"]])

1 Yl e ol el eVl e il 23508 e o Les 0V

#training a machine learning model
from sklearn.tree import DecisionTreeClassifier



o st i i

xtrain, xtest, ytrain, ytest = train test split(x, vy,
test size=0.10, random state=42)
model = DecisionTreeClassifier()

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

Slaghas i I o Y ol Jlood Blas o 85ke Alnall COSTI3] Lo s Y1 Lo
iz sedl Gilolas J >
#prediction

#ifeatures = [type, amount, oldbalanceOrg, newbalanceOrig]

features = np.array([[0.0,9000.60,9000.60,4]]
print (model.predict (features))

['Fraud']

i loll
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Waiter Tips @?J]JI rodcil ao JalJl duolyAU gl (10
Prediction with Machine Learning

Joo Jolsall e doaall e fL,JaJ\ 222 (Tipping waiter) Jstd Ll S (A oy
W5 L g 25, S a5 (U1 aleodls gmn JolaS il ootV s s eabaodl ¢ 5
5l ) plow oo SLLII e Gl Dl lalys s Jsll el ST o A
Bl o BAS 8 me oy 5 S I3 QU embaodl dplaball o) Jol e 1 el SV
Aol ST 3ecdl Gage IO ST G AlE oda 3.l delie Dliall 0dg codn sl
0L plaseal JYI Wl s Jsl

(éJLa duwlya) JalJl 6ol Al

) LU pladall i) Yol lanedl ol SYIJ o ULy ealas Golalal] ol o
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WSS Al 3 Bl HY5L 8, sl Il stotal bill .1

SV sl e &l ST itip .2

Byl pday @l ozl e isex .3

N VT e sl 08 ¢l g ssmoker .4

.@.M:Y\ es2:day .5

slie Jelus itime .6

Al e jobsYlsue isize .7
S o8l Jlzage e (Ll oda e by xbaall Lglaew 1 UL a oda 03]
ol Zal STy 5nl) B A5 3 50 55 Joled) ol ST e 355 21 Jal

wglU laaiwl Jalil duol yAL gl
UL e gazen s O b LS ol ol 5o,b e Jalldel SL 52l y o dags OV T
g 2l

import pandas as pd

import numpy as np

import plotly.express as px
import plotly.graph objects as go
data = pd.read csv("tips.csv")


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

dlioll gy pn opc @D roleig bl e

print (data.head())

total_bill tip sex smoker day time size
e 16.99 1.1 Female Ne Sun Dinner 2
1 18.34 1.66 Male Ne Sun Dinner 3
2 21.e1 3.5e Male Ne Sun Dinner 3
3 23.68 3.31 Male Ne Sun Dinner 2
4 24.59 3.61 Female Noe Sun Dinner 4

foda UL e pazead JalSUl oo 1 Lo
A ) S5 Gley LY 50 8, 5 Jlerd stotal bill 1
SVl Jsbl) sl &l STtip .2
)Pl B Ul ezl iz sex 3
Yol Ess yasetll OIS ¢l y ismokeer .4
.@.M:\!\ es2:day .5
slie sl slas itime .6
upl;w\!\ sde size 7
oW Ll ST e 555 AN Jalgall a el IO o V1 ) s 091 L
Jall éuol Al A
ok Lo Gy Jolll Aol &l S e 30 3 G ges
Ao ghdall 8y Sl Jlex] 1

Al e obeilisae 2

figure = px.scatter(data frame = data, x="total bill”,

y="tip", size="size", color= "day", trendline="ols”)
figure.show()
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e sat
@ ® Thur

® Fri

tip

total_bill

o Lo Gy Joll) alamoll el SYI e 5,05 2L Les oY)
Aegdall 8y sl Jlex] 1
Al e obeilisae 2

.sjjswlc‘e.)u“gg.l.ﬂ gl ey 3

figure = px.scatter (data frame = data, x="total bill”,
y="tip", size="size", color= "sex", trendline="ols”)

figure.show()

10 @ ® remale
® Male

total_bill

ok W Gs s Jsll) slanal Gl SYI e 3 Ja5 2k Les oY)
Ao ghall 5 Sl Jlem 1
Al e obilisae 2

Al cdss 3

figure = px.scatter(data frame = data, x="total bill”,
y="tip", size="size", color= "time", trendline="ols”)
figure.show()
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10 e ® Dinner
® Lunch

tip

total_bill
O Lol 58V 1 pans 5 48 o2 U1 5l 35 med (L Gis g Jsll) Zeiall ool 4 SY 1 (55 O Les
:dall
figure = px.pie(data,
values="'tip’,
names='day',hole = 0.5)
figure.show()
W sat
W Ssun
W Thur
W Fri

S 5, OV G dald) ) el o LT Gl SV e 5 o2y coBle s 0 G5
SN e el 8 LI oy U1 bl i o JoW el 2 Ll S s
(p e o ST sl Jany

figure = px.pie(data,
values='"tip’,
names='sex',hole = 0.5)
figure.show()

W Male
W Female
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figure = px.pie(data,
values="'tip’,
names="'smoker',hole = 0.5)
figure.show()

15 L g oY1 s opidadl o 28T o saedl e sl ST ol el o gl G
el o 1) o L3T lal SYI plame s o2 OIS

figure = px.pie(data,
values="'tip’,
names='time',hole = 0.5)
figure.show()

Ll sL8T 28T sl Lol ST Jans codNel o puanld s
e GOV oW Zal ST e 355 AN ol gl par Lol L Lol 1 2 ol oa o
oLl ol ST ) daged JYI ol 25 50 )5 £STJ g Uy 38T G por ool

Jall duol jA8L §Liidl g 2g.0J
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data["sex"] = data["sex"].map({"Female": 0, "Male": 1})
data["smoker"] = data["smoker"].map({"No": 0, "Yes": 1})
data["day"] = data["day"].map ({"Thur": 0, "Fri": 1, "Sat": 2,
HSunH. 3})

data["time"] = data["time"].map ({"Lunch": 0, "Dinner": 1})

data.head ()

total_bill tip sex smoker day time size

e 16.99 1.e1 e e 3 1 2
1 18.34 1.66 1 e 3 1 3
2 21.e1 3.5@ 1 e 3 1 3
3 23.68 3.31 1 e 3 1 2
4 24.59 3.61 e e 3 1 4

DLy el Ole gozes I UL sl oY1

x = np.array(data[["total bill", "sex", "smoker", "day”,
"time", "size"]])
y = np.array(data["tip"])

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

test size=0.2 ,random state=42)
10 £ psealy Jst) &l ST 5l dagad JY ol 3 500 s S o Lo OV

from sklearn.linear model import LinearRegression
model = LinearRegression()
model.fit (xtrain, ytrain)

S ieeld Gy 5 50l ig) 3o sllae] IS (g 3 sadl I el i oY1 L

235l 1a ) Lo
#features = [[total bill, "sex", "smoker", "day", "time",
"size"]]

features = np.array([[4,1,0,0,1,24.50]])
model.predict (features)

array([3.73742609])

wuaaloll
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Clustering Music Genres with Machine Learning

B3does Olay el Al QUL DS maed ;’)Tr,b& o skl 5o (Clustering) &l
5 gl Lpatlias Boliall sl o 2l (e pol) e s 52 (s sll 6151 o
ol WUl 0gh i goll ¢1 5T o o pazeall Jdod o) 2] S B e oy 5 S5
el VI ol e s sl 15T e s IS BT G s D) s 32U
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) Wl s o Bt 55 s gl il a Bli5 a sl sl LiSacd

(ST SN C\}:\I (cluster analysis) (g5l Jolocll 4 ?ﬂ.j ESVINICOV T R R T
slonl e 520 s Spotify e Lol SEYI o DUk A gares Jo Juans
A el Lailas Galiall axsl e 2l i ol

L o UL e gazes o35 2kSa

woL 88 plaAiwl uugoll elgil GLroaj
I ol e ol 3l e J g oM ST Al Gy g I8 09555 O ol
15 )l L) d pazes s Ol Lo 3l nal Gy b 8 degedl 0dgr oW T

import pandas as pd
import numpy as np
from sklearn import cluster

data = pd.read csv("Spotify-2000.csv")
print (data.head())


https://www.kaggle.com/datasets/iamsumat/spotify-top-2000s-mega-dataset/download
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Bruce

Energy
30
79
69
96
82

201
207
341
269

Index Title
[} 1 Sunrise
1 2 Black Night
2 3 Clint Eastwood
3 4 The Pretender
4 5 Waitin' On A Sunny Day
Year Beats Per Minute (BPM)
0 2004 157
1 2000 135
2 2001 168
3 2007 173
4 2002 106
Liveness Valence Length (Duration)
(] 11 68
1 17 81
2 7 52
3 3 37
4 1e 87

Sl o e gpom oMol 2 3W1 GbLl e pars sesl o L3, S
3500 blan o la (G5 ol |5 alecdlarsl o ) gall 4SS I e sall 45 5al

i 356 Y &Y ((index column) !

256

data = data.drop ("Index",

s gazes L}QM\ Ol e o O (correlation) bL3NI Je

print (data.corr())

Year

Year
1.000000

Beats Per Minute (BPM) ©0.012570

Energy

Danceability
Loudness (dB)

Liveness

Valence

Acousticness

Speechiness
Popularity

Year

Beats Per Minute (BPM)

Energy

Danceability
Loudness (dB)

Liveness

Valence

Acousticness

Speechiness

Popularity

0.147235
0.077493
0.343764
0.019017
-0.166163
-0.132946
©.054097
-0.158962

Danceability

Beats

©0.077493

-0.140602

©0.139616

1.000000
©0.044235
-0.103063

0.514564
-0.135769
©.125229
0.144344

Loudness (dB)

Artist
Norah Jones

Deep Purple

Top Genre
adult standards

album rock

Gorillaz alternative hip hop

Foo Fighters

alternative metal

Springsteen classic rock
Danceability Loudness (dB) \
53 -14
50 -11
66 =)
43 -4
58 =5
Acousticness Speechiness Popularity
94 3 71
17 7 39
2 17 69
2] 4 76
1 59

axis=1)

Per Minute (BPM)
0.012570
1.000000
0.156644
-0.140602
0.092927
0.016256
©0.059653
-0.122472
©0.085598
-0.003181

Energy \
0.147235
0.156644
1.000000
0.139616
0.735711
0.174118
0.405175
-0.665156
0.205865
0.103393

Liveness Valence \

©.343764 0.019017 -0.166163
©.092927 0.016256 0.059653
©.735711 ©.174118 0.405175
©.044235 -0.103063 0.514564
1.000000 ©.098257 0.147041
©.098257 1.000000 0.050667
©.147041 0.050667 1.000000
-0.451635 -0.046206 -0.239729
©.125090 ©0.092594 0.107102
©.165527 -0.111978 0.095911

3l AL oY Les
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Acousticness Speechiness Popularity

Year -0.132946 ©.054097 -0.158962
Beats Per Minute (BPM) ©0.122472 ©0.085598 -0.003181
Energy -0.665156 ©.205865 0.103393
Danceability ©.135769 ©0.125229 0.144344
Loudness (dB) -0.451635 ©0.125090 0.165527
Liveness -0.046206 ©0.092594  -0.111978
Valence -0.239729 0.107102 0.095911
Acousticness 1.000000 -0.098256 -0.087604
Speechiness 0.098256 1.000000 ©.111689
Popularity 0.087604 ©0.111689 1.000000

avignll cl jrold sagdicl Juda il
Sl pez G wlizll arsl Je ,gall Komean el Ll 5 oY fb‘l‘i‘”
S Ly A Lzl el e 2y L e yars (iole o il o5 5 poall

CJL&W\ J:J>J éﬁu} C)}sﬁj\ uél-“’ G\A}LS s> oLl Z\.O}o.}ua faond L:).PJ
:K-mean clustering &.),l 5> sl

data2 = data[["Beats Per Minute (BPM)", "Loudness (dB,'(

"

Liveness", "Valence", "Acousticness)'

"

Speechiness]["

from sklearn.preprocessing import MinMaxScaler
for 1 in data.columns:
MinMaxScaler (1)

from sklearn.cluster import KMeans
kmeans = KMeans (n_clusters=10)
clusters = kmeans.fit predict (data2)

UL & gors JI K-mean pexdl £05)1 5> <l LS Sle goadl OV sl
FAWAN]

data["Music Segments"] = clusters
MinMaxScaler (data["Music Segments"])
data["Music Segments"] = data["Music Segments"].map ({1l:

"Cluster 1", 2:

" Cluster 2", 3: "Cluster 3", 4: "Cluster 4", 5: "Cluster 5”7,
":6 Cluster 6", 7: "Cluster 7", 8: "Cluster 8”,

":9 Cluster 9", 10: "Cluster 10”})

:(clusters)ole yamadl 13 SULII de gozes e 8 125 b oY Les

print (data.head())
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Title Artist Top Genre Year \
2} Sunrise Norah Jones adult standards 2004
1 Black Night Deep Purple album rock 2eee
2 clint Eastwood Gorillaz alternative hip hop 2@e1
3 The Pretender Foo Fighters alternative metal 2007
4 Waitin' On A Sunny Day Bruce Springsteen classic rock 2082

Beats Per Minute (BPM) Energy Danceability Loudness (dB) Liveness \

e 157 3e 53 -14 11
1 135 79 50 -11 17
2 168 69 66 -9 7
3 173 26 43 -4 3
4 106 82 58 -5 le

Valence Length (Duration) Acousticness Speechiness Popularity \

e 638 2e1 94 3 71
1 81 207 17 7 39
2 52 341 2 17 69
3 37 269 ] 4 76
4 87 256 1 3 59

Music Segments
Cluster 1
Cluster

Cluster

A W N B O

6
Cluster 2
2
3

Cluster

Pl Sl yam e tlo Sl gazeall i Les OV
import plotly.graph objects as go
PLOT = go.Figure()

for i in list(data["Music Segments"].unique()):

PLOT.add trace(go.Scatter3d(x = dataldata["Music Segments"]==
i] ['Beats Per Minute (BPM,[(

y = data[data["Music Segments"] == i]['Energy'],

4 data[data["Music Segments"] ==

i] ['Danceability"']

)

mode = 'markers', marker size = 6,
marker line width = 1,
name = str(i)))

PLOT.update traces (hovertemplate='Beats Per Minute (BPM): %{x}
<br>Energy: %${y} <br>Danceability: %${z}"')

PLOT.update layout (width = 800, height = 800, autosize = True,
showlegend = True

scene = dict (xaxis=dict (title = 'Beats Per Minute
(BPM) ', titlefont color = 'black’),
yaxis=dict (title = 'Energy', titlefont color =
'black'),
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zaxis=dict (title = 'Danceability',
titlefont color = 'black') (

font = dict(family = "Gilroy", color = 'black',6 size =
12))

Cluster 2
Cluster 4
Cluster 7
Chuster 3
Cluster 8
Cluster 6
Chuster 9
Cluster 1
Cluster 5

Anpgeadue(]
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uaaloll

S bl plasealy e sodl £15Y (63 sl kol o) o) Ly Sy 1 82 ol o2 0
Golaall el s 2ly Rwnsall e doge 58 (e sl 15T a0 plisenl
o) 150 aazs I Dl ods ol 08 0585 0 ol L Lol o saall ol
(Y el e



m DI el plaAiiuly 6 paiitedl calloc jlewl gl

rolc Ul pplaAiwl 6 jéiiiedl csllodl jlewl il (12
Cryptocurrency Price Prediction with (JUI

Machine Learning

S8y (cryptocurrency) 3, 3 ke dlos éT G et B G 5 355 0 e
8 ol OBl § gaddiy (bl (0 28838 0 g8 s Brad) LS Ay ] . b L
Bitcoin Jai 3l 55 G 8,8 Ll el Y sl IS e oS
B yme 5 oS 1] el AL piladl wSlasd) s s Binance Coin 5 Ethereum
Lowlin Wil odgd ( JYI el plasenly 3,000 dlas (Y Eddmadl 5lanU 320l &2 S
el OOladl Sl 3l g b bl G Wl ds gl
0L el gﬁﬂ bl ae (cryptocurrency price prediction)

U el plaaiwl 6 paitedl ey lloc)l Jlewwl §uiill
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TR T TRy PN GO RO PO UV PO PR = = P
3oy 25) Sl land (135 1A o alblu cobsl o) Getll 5 jatall psdlas
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2S00 s sy Wb p 5255 0

import pandas as pd
import yfinance as yf
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import datetime
from datetime import date, timedelta

today = date.today()

dl = today.strftime ("%$Y-%Sm-%d")

end date = dl

d2 = date.today() - timedelta (days=730)
d2 = d2.strftime ("%Y-%m-%d")

start date = d2

data = yf.download('BTC-USD,
start=start date,
end=end date,

progress=False(
data["Date"] = data.index
data = data[["Date", "Open", "High", "Low", "Close", "Adj
Close"™, "Volume"]]
data.reset index(drop=True, inplace=True)
print (data.head())

Date Open High ... Close Adj close Volume
@ 2019-12-28 7289.831250 7399.041016 ... 7317.990234 7317.990234 21365673026
1 2019-12-29 7317.647461 7513.948242 ... 7422.652832 7422.652832 22445257702
2 2019-12-3@ 7420.272949 7454.824219 ... 7292.995117 7292.995117 22874131672
3 2019-12-31 7294.438965 7335.290039 ... 7193.599121 7193.599121 21167946112
4 2020-01-81 7194.892090 7254.330566 ... 7200.174316 7200.174316 18565664997

[5 rows x 7 columns]
o ieslodl G 730 31 1o e o sl jland Sy Sods ez 3 odel s U1
oda SULI e gomes S5 o 3 15 AL Les (UL ULII ey e age Y Lo
Y ol G 730 o s LST13] Lo &6 pmed

data.shape

(731, 7)
JS bl e U5V Crall (g gion o oo 731 Lo SULII s gazes (g 5o UL

gootdl Balases ol ool o SOl Sland Gl L Les 0¥ e
:(candlestick chart)

import plotly.graph objects as go
figure = go.Figure(data=[go.Candlestick (x=data["Date, ["
open=data["Open"]
high=data["High"],
low=data["Low"] ,
close=data["Close"] ([ (
figure.update layout(title = "Bitcoin Price Analysis ,"
xaxis rangeslider visible=False (
figure.show ()
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Bitcoin Price Analysis

S glbos el e CULl de pazes 3(Close column) SN 508 (g 5om
MW 3y Galatadl UL (BT i B o 5,050 il L (S gnd 5

correlation = data.corr()
print (correlation["Close"].sort values (ascending=False))

Adj Close 1.000000

Close 1.000000
High ©.998933
Low ©.998740
Open ©.997557
Volume ©.334698

Name: Close, dtype: floatéd

6 pouitodl cullocl Jlewl §uiill @agol

Time ) &l oDl Joons U2 e 3525001 SDhoall Al 5LVl 085 oz
oSl o) el il 5 0 sl & AutoTS &8s a5 . (series analysis
sl (351 P Sl sl 52l Auto TS £:Se b putsenlos U 4l

from autots import AutoTS

model = AutoTS (forecast length=30, frequency='infer',
ensemble="'simple')

model = model.fit (data, date col='Date', value col='Close',
id col=None)

prediction = model.predict()

forecast = prediction.forecast

print (forecast)

Close
2021-12-28 57865.012345
2021-12-29 54259.592685
2021-12-3@ 53794.634938
2021-12-31 54365.964301
2022-01-01 55371.531945
2022-01-02 57220.583886
2022-01-03 57132.487546
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2022-81-85 58376.881818
2022-01-06 59931.323291
2022-01-07 60168.816716
2022-01-08 60617.974204
2022-01-09 58785.722512
2022-01-10 55180.302852
2022-01-11 54715.345105
2022-81-12 55286.674468
2022-01-13 56292.242112
2022-01-14 58141.214053
2022-81-15 58053.197713
2022-01-16 58942.437232
2022-01-17 59296.791985
2022-01-18 60852.033458
2022-01-19 61089.526883
2022-01-20 61538.684371
2022-01-21 59706.432679
2022-01-22 56101.013019
2022-81-23 55636.855272
2022-01-24 56207.384635
2022-81-25 57212.952279
2022-01-26 59061.924220

Pl 8yits Alos (51 anm 52l JYI ] el Ly Sy (1 2l » o
WE-TREPIREl

i loll

e ez 2l el lalesl (ST 6 ate Alas gl a3 ol e 8 e
gl GV 5 aedl el slanls 52l YT (el plasend (Sap Y il gl e ot
e mus old 3 b bl A Bl Slan ) o Sl L s
plsely 8 il SManll jlanl 52l g Bl odin ool 28 055 OF ol 15,2l
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Price Prediction using Machine Learning

L;Y\ ol Ol VAT 41 (stock market prediction) &JLJl RN B g 5l A
Sl 5201 e SULN Wl Ja 65 70 B 5550 s Bl 0 8. o podl Jloes b
S el 0l A sl gVl

ol SVl 3505 plisenl g1 slanl 32301 B4 (e Wil ods Llg S
O 50b Lome o &) 5das JM s (Linear Regression model)

el joury guidl

Sk Il o 0l e o pettnall Gay il LI sV G g S5 08
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s~

e 536 jotind) OIS G gdl g o Blozel Loy s o3 5 LeboS T 8,211
s 35 2L e e 5 oy 66 (G gl OIS oy Bty 5250

L] I 315V 3 gor 51l B 5edl ol n Sl ol e 2801 s <l
S Wl Sl BIT Blys Y1 G s 32k i s ST 13] S Bl 3L i
ed) ey 52 g S Al
Logodl o Talur .0 0 ey 1805 YT el pltinaly g1 sl 285 £S5 5 L
Hagall adgd Lbiod ) &5 ,all 0 gl SLeSa a3l Gk o6
import numpy as np
import pandas as pd
from sklearn import preprocessing

from sklearn.model selection import train test split
from sklearn.linear model import LinearRegression

bl juAani
O ST 0 gl Sl sl Go b (5 el a5 oo Sl oMl il
DS 23 505 sy LgmasDe (0 (S 2 DL e sazes sle] Ll (e W

i skl
def prepare data (df, forecast col, forecast out,test size):
label = df[forecast col].shift(-forecast out) #creating
new column called label with the last 5 rows are nan
X = np.array(df[[forecast col]]) #creating the feature
array
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X = preprocessing.scale(X) #processing the feature array

X lately = X[-forecast out:] #creating the column i want
to use later in the predicting method

X = X[:-forecast out] # X that will contain the training
and testing

label.dropna (inplace=True) #dropping na values

y = np.array(label) # assigning Y

X train, X test, Y train, Y test = train test split(X, vy,
test size=test size, random state=0) #cross validation

response = [X train,X test , Y train, Y test , X lately]
return response

Bshaie s o IS Jae A sk i 8 0V okl ) STl DI b D gy LS
rolbLl s1 3 s alad oy U1 L1520 O

df pd.read_csv("prices.csv")
df = df[df.symbol == "GOOG"]

Gaslasl o5 A A1l Laslae] 05 LS ] o e M slae] J) oY1 ko
S el 3l 5 gl s el S5 e 5] it M) JI o odhel o
3 se gl L sa w0 ) o s )

e gores w0550 O oy S 51l 5 e T J] b Ul 31 el
fol il ez e e Les OV LYl

forecast col = 'close'
forecast out = 5
test size = 0.2

jJIJLCLU‘L.J;;....IIdJ]]I I . ...“I .
a3l HIes Yl 5 500 (i) desDhe s UL rﬁsh R

X train, X test, Y train, Y test , X lately

=prepare data (df, forecast col, forecast out,test size);
#calling the method were the cross validation and data
preperation is in

learner = LinearRegression() #initializing linear regression
model

learner.fit (X train,Y train) #training the linear regression

model
SOV [P PP B N PRCH PICIN (B RPN

score=learner.score (X test,Y test)#testing the linear
regression model

forecast= learner.predict (X lately) #set that will contain the
forecasted data

response={}#creting json object

response['test score']=score

response['forecast set']=forecast

print (response)



st et

{‘test_score’: 0.9481024935723803, ‘forecast_set’: array([786.54352516, 788.13020371,
781.84159626, 779.65508615, 769.04187979])}

uarloli
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Breast Cancer Survival Prediction with Machine

Learning

e Sl (5| L}T.x,: & ol C\}LT a>1 48 (Breast cancer) @l ol
Lo 30 S s I ol ) st Ol ey Bl U ) Sl 0 Sy ST oLl
ol ol LeSay ol D w5 il donall e I LU pltsend 0¥ i oLl
S 15 Y ol (gl Ol o oo o 1250 (g0 goims ool OIST13] Loy 52l Y
G il odn 3. Dol edigh (gl Ol pons Ly po 3oy 3l LS B ne Uy 5
080 plls JYN ol e (el Ol 0 8Ll 52l g SN ST

Gl pleil g0 G2l glo jw ¢po 8lailly il

O Ll Eland (a0 Ol ey s 10 400 (o 28T s SULy e goes )
LU A o Fibee Yl oo o Sloshan b Locd (g8l Ol

roaz ol B pne tPatient 1D .1

o2l ee tAge 2

o2l pua :Gender .3

ee22dl OL gs Protein, Protein2, Protein3, Proteind .4
Al ol 6 g Ol s Al e ‘Tumor Stage .5

Js ¢ Infiltrating Ductal Carcinoma EEN IR » Jes :Histology .6
iblws &b, ¢ Infiltration Lobular Carcinoma _anad b,

.Mucinous Carcinoma
o [ o) :ER status .7
csdw [ o) (PR status .8

ces [ 2l (HER 2 status .9
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Ll gl Jlatewl « Lumpectomy &l deS3) Jlatesl :Surgery  type .10
Modified Radical Jaxedl (5dadl a2l Jlatenl ¢ Simple Mastectomy
S Mastectomy

Al el 2,6 sDateofSurgery .11
o el 5,05 T &6 :DateofLast Visit .12
Zos [ o :Patient Status .13

éJ&J\ QLLJM: z\—ﬁ.jﬁ @K\bl L«.:}.&j\ L“QL‘:‘"’@" J’L&IE coda C)L:L:‘J‘ Z.C«}A?r.o f‘.k?dwvb ROIRY

e sl 3l dagald Lpodsend ) SULI e pore e dale 5,055 Shoad 055 o ol
Jord Sy Kaggle oo oda SUL desars moz o5 gl Ol 0 Lol A
A3 e Ll 3l doge I gz sl ool el e 01 Ls 0 08 SUL) e o

050 sl S (el plaely (520l Ol e oy Lol

ug.i,gl.;d_f’_lrolngu.u' i L_J@:.'IJIULbJ.LUU.oéb_.UL;g.LLU‘ Ll
Ol SSe 31t Gob e 1 Ol n Bl a3 e Uil 5l o T
erlios A1 UL s saras T

import pandas as pd

import numpy as np

import plotly.express as px

from sklearn.model selection import train test split
from sklearn.svm import SVC

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

Patient_ID Age Gender Proteinl Protein2 Protein3 Proteing \
TCGA-D8-A1XD 36. FEMALE ©.08@353 9.42638 @.54715 ©.273680
TCGA-EW-A10X 43.@ FEMALE -8.420320 ©.57807 ©.61447 -8.831585
TCGA-D8-A1XR 56. FEMALE ©.345090 -0.21147 -0.19304 0.124270

FEMALE @.22155@ 1.90680 ©.52045 -0.311990

AW N RO

e
e
TCGA-A8-AG79 69.2 FEMALE ©.213980 1.31140 -0.32747 -0.234260
2]
e

TCGA-BH-AGBF 56.

Tumour_Stage Histology ER status PR status HER2 status \
(2] IIT Infiltrating Ductal carcinoma Positive Positive Negative
1 II Mucinous Carcinoma Positive Positive Negative
2 IIT Infiltrating Ductal Carcinoma Positive Positive Negative
3 ITI Infiltrating Ductal Carcinoma Positive Positive Negative
4 II Infiltrating Ductal carcinoma Positive Positive Negative


https://www.kaggle.com/amandam1/breastcancerdataset
https://www.kaggle.com/amandam1/breastcancerdataset
https://www.kaggle.com/amandam1/breastcancerdataset
https://raw.githubusercontent.com/amankharwal/Website-data/master/BRCA.csv

Gl oLl 6o Gall ylo s o0 6laiJly §uiil

surgery_type Date_of_surgery Date_of_Last_visit

©® Modified Radical Mastectomy 15-Jan-17

1 Lumpectomy 26-Apr-17

2 Other @8-Sep-17

3 Modified Radical Mastectomy 25-Jan-17

4 Other @6-May-17
Patient_status

0 Alive

al Dead

2 Alive

3 Alive

4 Dead

19-Jun-17
©89-Nov-18
©9-Jun-18
12-Jul-17
27-Jun-19

P el a2l 13 (ol e (g o ada DL s sazes Bheel OIS Lo e 800 AL Lyeo

print (data.isnull () .sum())

Patient_ID

Age

Gender

Proteinl
Protein2
Protein3
Proteina
Tumour_Stage
Histology

ER status

PR status

HER2 status
Surgery_type
Date_of_Surgery
Date_of_Last_visit
Patient_status
dtype: inte4

o Laiul Gguns

NN N N N N N N N N N N NN

24
20

(3 9o L}S’ g?athﬁzj‘ VT?EJ‘ L,éz:f LSLQ oda AZJ\;MZJ‘ Zﬁi}a;?nﬁ L§“§l==3 Ai)&l

data = data.dropna()

data.info()

SRS HIPOH]

UL o sukesl J g Sleliax Y1 e 5 0 2k oYl Les

<class ‘pandas.core.frame.DataFrame’>
Int64Index: 317 entries, © to 333

Data columns (total 16 columns):

#  Column

patient_ID
Age

Gender
Proteinl

Protein2

[ I T

Protein3

Non-

Null Count Dtype
non-null object
non-null floatesd
non-null object
non-null floated
non-null floatéea
non-null floated
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6 Proteina 317 non-null floate4
7  Tumour_Stage 317 non-null object
8 Histology 317 non-null object
9 ER status 317 non-null object
1@ PR status 317 non-null object
11 HER2 status 317 non-null object
12 Surgery_type 317 non-null object
13 Date_of_Surgery 317 non-null object

14 Date_of_Last_Visit 317 non-null object
15 Patient_status 317 non-null object
dtypes: floaté4(5), object(11)

memory usage: 42.1+ KB

i) 3508 e 55 AL Byes UL (Y1 s LW Gl 0l e sl o5
Bl ) Sl SUYI sue & =l (Gender column)

print (data.Gender.value counts())

FEMALE 313
MALE 4
Name: Gender, dtype: inté4

e 50 AL Lses oYLl sgas () SHI e 2T LY Ed 0B (a3 g pa LS
i ol s (stage of tumor) (’)}5\ >

#Tumour Stage

stage = data["Tumour Stage"].value counts()
transactions = stage.index
quantity = stage.values

figure = px.pie(data,
values=quantity,
names=transactions,hole = 0.5,
title="Tumour Stages of Patients(

figure.show()

Tumour Stages of Patients

11
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#Histology
histology = data["Histology"].value counts()

transactions = histology.index

quantity = histology.values

figure = px.pie(data,
values=quantity,
names=transactions,hole = 0.5,
title="Histology of Patients”)

figure.show()

Histology of Patients

M Infiltrating Ductal Carcinoma
M Infiltrating Lobular Carcinoma
M Mucinous Carcinoma

14 HER2 status PR statuss ER status o3 e 5,k 3k oYl kes

#ER status

print (data["ER status"].value counts())
#PR status

print (data["PR status"].value counts())
#HER2 status

print (data["HER2 status"].value counts())

Positive 317

Name: ER status, dtype: inté4
Positive 317

Name: PR status, dtype: inté4
Negative 288

Positive 29

Name: HER2 status, dtype: intead

ol o 2 S (type of surgeries) &zl Sllandl ¢ 95 Jo 8 B0 26 L ges oY
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#Surgery type
surgery = data["Surgery type"].value counts()

transactions = surgery.index
quantity = surgery.values

figure = px.pie(data,
values=quantity,
names=transactions,hole = 0.5,
title="Type of Surgery of Patients”)
figure.show()

Type of Surgery of Patients

Other

Modified Radical Mastectomy
Lumpectomy

Simple Mastectomy

Lpdl Ol e 2SI e UL degeme e clLID LasST cl
N gbos (S ) 23 505 o) UL o plasenY (categorical features)

2 2l Ol el o3 g Sy S S & )l 3ol o b g2

data["Tumour Stage"] = data["Tumour Stage"].map({"I": 1, "II":
2, "III": 3})

data["Histology"] = data["Histology"].map({"Infiltrating
Ductal Carcinoma™: 1,

"

Infiltrating Lobular Carcinoma": 2, "Mucinous

Carcinoma": 3@

data["ER status"] = data["ER status"].map ({"Positive": 1})
data["PR status"] = data["PR status"].map({"Positive": 1})
data ["HER2 status"] = data["HER2 status"].map ({"Positive": 1,
"Negative": 21})

data["Gender"] = data["Gender"].map ({"MALE": 0, "FEMALE": 1})
data["Surgery type"] = data["Surgery type"].map({"Other": 1,
"Modified Radical Mastectomy": 2,

"

Lumpectomy": 3, "Simple Mastectomy": 4G
print (data.head())
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Patient_ID Age Gender Proteinl Protein2 Protein3 Proteind \
TCGA-D8-A1XD 36. 1 ©.e80353 9.42638 ©.54715 ©.273680
TCGA-EW-A10X 43. -0.420320 9.578@7 ©.61447 -90.031505
TCGA-A8-A079 69. ©.213980 1.3114e -©.32747 -0.234260

TCGA-D8-A1XR 56. ©.345090 -0.21147 -0.19384 ©.124270

O N )
® 0 ® ® ®

1
1
1
1

TCGA-BH-A@BF 56. ©.221550 1.9068@ ©.52045 -90.31199%@

Tumour_Stage Histology ER status PR status HER2 status Surgery type \

] 3 1 1 1 2 2
1 2 3 1 1 2 3
2 3 1 1 1 2 1
3 2 1 1 1 2 2
4 2 1 1 1 2 1

Date_of_surgery Date_of_Last_visit Patient_status

e 15-Jan-17 19-Jun-17 Alive
1 26-Apr-17 ©9-Nov-18 Dead
2 88-Sep-17 @89-Jun-18 Alive
3 25-Jan-17 12-Jul-17 Alive
4 06-May-17 27-Jun-19 Dead

G2l glb j1u oo 8lailly §4iil gag.ol
A3 o Gl Ol o e el 5nll JYI ) 23 005 s J) JUSYI oY1 LeSlay
)L’;?-b uﬁ)t)\s a&w&l&t’w‘m@‘glctoﬁ ‘Cb}""‘j‘ %)J;LPSL:?J\

#Splitting data
X = np.array(data[['Age', 'Gender', 'Proteinl', 'Protein2',
'Protein3', 'Proteind

1

Tumour Stage', 'Histology', 'ER status', 'PR status

'

HER2 status', 'Surgery type’]])

y = np.array(data[['Patient Status']])
xtrain, xtest, ytrain, ytest = train test split(x, vy,
test size=0.10, random state=42)

PP T35 ok sy XS ON]|

model = SVC(Q)
model.fit (xtrain, ytrain)

15] Lo 32y o JYI el 3 905 o) Labiatsnad () ol ol e J5-06 031 Lo
Y (1 Gl 0l por 0 i s ol OIS

#Prediction

fifeatures = [['Age', 'Gender', 'Proteinl', 'Protein2',
'Protein3', 'Proteind4', 'Tumour Stage', 'Histology', 'ER
status', 'PR status', 'HER2 status', 'Surgery type'l]]
features = np.array ([[36.0, 1, 0.080353, 0.42638, 0.54715,
0.273680, 3, 1, 1, 1, 2, 2,11)

print (model.predict (features))

['Alive']
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Ul rodcdl plaaiwl Covid-19 wlegs gull (15
Covid-19 Deaths Prediction with Machine
Learning

Covid- Gol,akll GOV s Lenaw 21 B2 ol ol 28T asl Covid-19 day
58 Ly Covid=19 s b gl o 2801 LTy ui) Gans 5T 65 28T L) alass 19
Covid- < Ylbw Lol Lsu bl SULII pliseenl Loy .V o el 3 pe Sl
Sl g 5l LS B e 5 oS 13 I L Jtndl Gl gl s 5l L 15 19
I BUST G g Wil odn 3.2 Gwlis DUl 0dgh ¢ JYI Al plasely Covid-19
0L plaseal JYI dxdl as Covid-19 ol 5ol dagos

(@JLa 6uwlya)19-21894 clsgy gl
2t 18 J1 2020 2ty 30 ;e dgdl 3Covid-19 J Sbly de gozms Jo clia> 1
b Ly 3053l Sl 1y SVl Sy Slaslan e SULII e pomen 5505 2022
PO de s skasl o L
-Joed] @)b&é}l}% :Date .1
.Year-Month-Day (o oW e g 5o :Date YMD .2
-Covid-19 J i sl 5085l NI e (g 52w i Daily Confirmed .3
Covid-19 o Lo s dl OLd I e (g 5w :Daily Deceased .4

Sl sl sy 522l L s covid-19 Vb eyl UL el plased | gl
La e o SULI) e pare o35 Sy Raslil) Gogy 3Dl I

a9 plaaiwt Covid-19 wlegs il
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import pandas as pd

import numpy as np

data = pd.read csv("COVID1S data for overall INDIA.csv")
print (data.head())


https://raw.githubusercontent.com/amankharwal/Website-data/master/COVID19%20data%20for%20overall%20INDIA.csv

8ol §u pn ¢pc @I pdeig bl rode

Date

@ 30 January 2020
1 31 January 2020
2 1 February 2020
3 2 February 2020
4 3 February 2020

Date_YMD
2020-01-30
2820-01-31
2020-02-01
2020-02-82
2820-02-83

Daily confirmed

1

H B0 0®

Daily Deceased
(-]

o ® © ©

ST e 525 oda SULII e pazes CISTI3] Lo o dny 3,05 2L Les (G 20l )3

data.isnull () .sum()

Date

Date_YMD

Daily Confirmed
Daily Deceased

dtype: intes

® ® ® ©®

:\j rT ié:)Lé r:}

Qe gamme o peall la Lizud Les W (date column) fo)bdl s5ee ] drlo Lo

by Rl UL

data = data.drop("Date", axis=1)

1Covid-19 J a1 5aS5all VLI e 5 1 3L Gy

import plotly.express as px

fig = px.bar(data, x='Date YMD', y='Daily Confirmed')

fig.show()

=] w
w o

=

Dally Confirmed

Jan 2

021 Jul 2021 Jan 2022

Date_YMD

2021 ol o 19— dd S NV o dle G go (65 O Lias ¢ oDel LU o gus b

2021 plos

Covid-19 susgll Jaco Julnj

:Covid-19 o (death rate) Sls Il Jidms | guzd b ses oV
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cases = data["Daily Confirmed"].sum()

deceased = data["Daily Deceased"].sum()

labels = ["Confirmed", "Deceased"]
values = [cases, deceased]

fig = px.pie(data, values=values,

names=labels,

title='Daily Confirmed Cases vs Daily Deaths', hole=0.5)
fig.show()

Daily Confirmed Cases vs Daily Deaths

1.27%

B Confirmed
Bl Deceased

:Covid-19 J ©ld I Jums oz Lo

death rate = (data["Daily Deceased"].sum() / data["Daily
Confirmed"].sum()) * 100
print (death rate)

1.2840580507834722

: Covid-19 ) (daily deaths) &yl L I e 5155 4 G yes oY

import plotly.express as px
fig = px.bar(data, x='Date YMD', y='Daily Deceased')

fig.show()

6000
5000
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Daily Deceased

2000

1000

Jul 2020 Jan 2021 Jul 2021 Jan 2022
Date_YMD
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pip install autots
o3l 351 e Y1 ) el Covid-19 oy o8 5 £aS oY1 L]

from autots import AutoTS

model = AutoTS (forecast length=30, frequency='infer',
ensemble='simple')

model = model.fit (data, date col="Date YMD", value col='Daily
Deceased', 1id col=None)

prediction = model.predict()

forecast = prediction.forecast

print (forecast)

Daily Deceased

2022-01-19 271.950000
2022-01-20 310.179787
2022-081-21 297 .500000
2022-01-22 310.179787
2022-81-23 271.958000
2@22-e1-24 258.518302
2022-81-25 340.355520
2@22-e1-26 296.561343
2@22-01-27 296.561343
2022-01-28 284.438262
2822-01-29 323.4008000
2022-01-30 271.950000
2@22-01-31 245.758000
2022-02-01 284.438262
2022-02-02 258.518382
2022-82-083 239.969687
2022-02-04 271.958000
2022-82-085 334.118953
2022-02-06 323.400000
2022-02-07 271.956000
2022-02-08 284.438262
2022-02-09 323.400000
2022-02-10 258.518302
2022-02-11 245.758000
2022-82-12 245.758000
2022-02-13 326.442185
2022-02-14 323.400000
2022-02-15 394.343619
2022-82-16 228.117431

2022-02-17 358.200000
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Prediction with LSTM

Long Short-Term Memory ) dall &mad dsb 8 S1UI SISs x5 LSTM
A (recurrent neural network) 3, Saal fasll SIS (0 ¢ 5 L6l . (Networks
(time series) £33l fwdDIL 320015 (regression) <L 5ol C’L‘” Je (.xami
¢ LSTM dand) OISGAN a0 Lo cdlysb ol 2t SULN o a8, . JYI ol 3
LSTM pltely pg ¥l sy 520l LS 8 im0 oy 5 ST 13] 6,5V ) S
sl gl slanly 520l dage o SAalbl G g el 0 .l il Bl 0dgd

0L plisenl LSTM

LSTM o oaudl yeuny gl

& LSTMs iza gl dhedly 3220 JYI (Ll CIL fuasl aod LSTM pltsenl dny
ASie o Jors oS LS (DA L J b1 5 2 UL ST dannas 8 S0 dnas IS
LSTM &aall )l plisel Sy (UL i Jhmanll Ss i o
La LSTM e Jopedl 36l 3 ShSles

el LSTM pliscnly g1 sland 185 doge I35 S05T G5 g ol Hia G0V
o Rs Al sl SLeSe o 3l G b e Regadl o Tl L0 ol e )
:Apple r@,«i)bwi bl eoasl

import pandas as pd

import yfinance as yf

import datetime

from datetime import date, timedelta
today = date.today ()

dl = today.strftime ("$Y-%m-%d")

end date = dl

d2 = date.today() - timedelta (days=5000)
d2 = d2.strftime ("%Y-%m-%d")

start date = d2

data = yf.download('AAPL’,

start=start date ,

end=end date ,

progress=False)
data["Date"] = data.index
data = data[["Date", "Open", "High", "Low", "Close ,"
" Adj Close", "Volume”]]
data.reset index (drop=True, inplace=True)

data.tail()


https://web.stanford.edu/class/cs379c/archive/2018/class_messages_listing/content/Artificial_Neural_Network_Technology_Tutorials/OlahLSTM-NEURAL-NETWORK-TUTORIAL-15.pdf

8ol §upn ¢pc @D pdcig blul rade

Date Open High ... Close Adj Close Volume
3441 2021-12-27 177.e89996 180.41%998 ... 180.330002 180.330002 74919600
3442 2021-12-28 180.160004 181.338002 ... 179.289933 179.289993 79144300
3443 2021-12-29 179.330002 180.638005 ... 179.380@05 179.380085 62348900
3444 2021-12-3@ 179.470@01 180.578007 ... 178.199937 178.199997 59773000

3445 2021-12-31 178.889996 179.229996 ... 177.57@ee7 177.5700e7 64825580

[5 rows x 7 columns]

GuplissVls b3l e sty 8 5o (candlestick chart) 23LL) ¢ saldl hases Jasy
165 paall |3 SULA el Jases L Uges U gl land

import plotly.graph objects as go

figure = go.Figure (data=[go.Candlestick (x=data["Date’],
open=data["Open"]
high=data["High"],
low=data["Low"] ,
close=data["Close"]) 1)

figure.update layout(title = "Apple Stock Price Analysis”,

xaxis rangeslider visible=False)
figure.show ()

Apple Stock Price Analysis

.M
Vi

ssendl &Y GMEY 5 gons 3ol &ox (correlation) bLs,l e 3,k 2L oVl Les
HERVI]

correlation = data.corr()
print (correlation["Close"].sort values(ascending=False))

Close 1.e00000
Low ©.999890
High @.999887
Adj Close ©.999845
Open ©.999783
Volume -8.496325

Name: Close, dtype: floatéd
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el ok

= datal[["Open", "High", "Low", "Volume"]]
data["Close"]
x.to numpy()

y.to numpy()
y.reshape (-1, 1)

KOKOX KX
I

from sklearn.model selection import train test split
xtrain, xtest, ytrain, ytest = train test split(x, vy,
test size=0.2, random state=42)

P LSTMJ dnae 83 JSoa sliels o 3L oY

from keras.models import Sequential

from keras.layers import Dense, LSTM

model = Sequential()

model.add (LSTM (128, return sequences=True, input shape=
(xtrain.shape([1l], 1)))

model.add (LSTM (64, return sequences=False))

model.add (Dense (25))

model .add (Dense (1))

model . summary()

Model: "sequential_6"

Layer (type) Output Shape Param #
=lstm_12 (LSTM) T (;:::j=4, 128) ==========:;:::=====
1stm_13 (LSTM) (None, 64) 49408
dense_12 (Dense) (None, 25) 1625
dense_13 (Dense) (None, 1) 26

Total params: 117,61%
Trainable params: 117,619

Non=-trainable params: ©

o bl 5l) Ll LS 23 g 5 LSy S ] OV

model.compile (optimizer="'adam', loss='mean squared error')
model.fit (xtrain, ytrain, batch size=1, epochs=30)
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Epoch 1/3@

275672756 [ ] - 18s Sms/step - loss: 6.7984

Epoch 2/3@

2756/2756 [ ] - 15s 5ms/step - loss: 4.4978

Epoch 3/38

2756/2756 [ ] - 15s 5ms/step - loss: 5.6511

Epoch 4/3@

2756/2756 - 155 Bms/step - loss: 6.8347
p

Epoch 5/3@

2756/2756 [ ] - 15s Sms/step - loss: 9.5883

Epoch 6/3@

2756/2756 - 155 Bms/step - loss: 7.4367
p

Epoch 7/3@

2756/2756 [ ] - 155 Sms/step - loss: 4.3043

Epoch 8/3@

2756/2756 [ ] - 15s 6ms/step - loss: 4.2213

Epoch 9/3@

2756/2756 [ ] - 15s 5ms/step - loss: 5.7352

Epoch 18/38

2756/2756 [ ] - 155 éms/step - loss: 5.2137

Epoch 11/30

2756/2756 [ ] - 15s 5ms/step - loss: 6.9945

Epoch 12/30

2756/2756 [ 1 - 14s Sms/step - loss: 4.1832

Epoch 13/3@

2756/2756 - 155 Bms/step - loss: 4.3637
p

Epoch 14/30

2756/2756 [ ] - 15s 5ms/step - loss: 6.2248

Epoch 15/30
2756/2756 [ ] - 15s 5ms/step - loss: 1.9857

Epoch 16/30

2756/2756 [ ] - 15s Sms/step - loss: 6.3982
Epoch 17/30
2756/2756 [ ] - 15s Sms/step - loss: 3.3015
Epoch 18/30
2756/2756 [ ] - 15s Sms/step - loss: 3.9184
Epoch 19/3@
2756/2756 [ ] - 15s Sms/step - loss: 4.6564
Epoch 20/30
2756/2756 - 15s Bms/step - loss: 3.3215
P

Epoch 21/30
2756/2756 [ ] - 15s 6ms/step - loss: 4.3116
Epoch 22/30
2756/2756 [ ] - 15s Sms/step - loss: 2.8147
Epoch 23/3@

- 15s Sms/step - loss: 5.
2756/2756 15s Sms/st 1 5.7586
Epoch 24/30

- 16s 6ms/step - loss: 4.
2756/2756 16s 6ms/step 1 4.18%8
Epoch 25/3@

- 17s 6ms/step - loss: 3.
2756/2756 17s 6ms/st 1 3.6991
Epoch 26/30

- 155 6ms/step - loss: 4.
2756/2756 155 6éms/st 1 4.8951
Epoch 27/3@

- 15s 5ms/step - loss: 3.
2756/2756 15s 5ms/st 1 3.5%4e
Epoch 28/30

- 16s 6ms/step - loss: 3.
2756/2756 16s 6ms/step 1 3.718e

Epoch 29/3@
2756/2756 [ ] - 15s 6ms/step - loss: 3.5864

Epoch 3@/30
2756/2756 [ ] - 15s Sms/step - loss: 3.7422
<keras.callbacks.History at @x7fB8c37686790>
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import numpy as np

#features = [Open, High, Low, Adj Close, Volume]

features = np.array ,177.070007 ,180.419998 ,177.089996]11)
74919600 11)

model.predict (features)

array([[179.95299]], dtype=float32)
et 3550 Goged LSTM ) 3L IS gl Ly iy 1 a1 a0 03]
el
uﬂi‘l.l.o.”
S Goonan 55,500 dnas 305 ] hodl 8 b Alysb 5 S OIS o5 LSTM
bl 5l Y ) L ash asT LSTM plied iy o Jsbl 3 2 LI
LSTM plbealy agu¥l land 055 I Bl adn ol 05 085 0F ol 3
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R ecommendation System with Machine Learning

Lgadoy Al UL e oladss u> 4o (recommendation system) dwe 5! rUé.B
Lo gl B o5 sl ol Bl g ol s sl G5 oy @350 Sl Gl ]
Ml osll pd 5o o5 Medium.com 1 5o podeny (JEal Joow e Lghd YL
do 5 S 13 I L, YL o 2L dao ol) Gl Wl Dliadl oda ale 1,55
ok (3.2 dewslin Dliall 0digh ¢ JYI ol pltsiealy SV G 5 Ui ¢ Li3] L4725 o
el JYI el plasenl Bl Sls 5 ol olti) 248 e halbl Gy HLaa]|

o5k
By éung il folaj

A ) glos (VUL do 5 ol elaY i ) adiil L2y Gl (o el Slia
pitnad) T3 13) (JEal s o pivnnadl plozal oo Yoy (content) s soell e
S Cad e opedl SV e s O b clesazma) J) s Dl

1§ sroadl e 2Ly SVEIL dns 5l G Ll gazmall

JUadl (g gome o J] o 2
AN NG ez we 5 ool Gollad
A oWl Wl ) i) Zeede 2SI VL G gl 5

.%;“\I\ ol 3(cosine similarity) plosll oz 4LES 0 sgha sl LiSes dogoll oy
sl sl el 5 el o 2 B A o T n oLl o LS
Pt o L5 plai LSy N Rl izl o (dliies pialsd e Ll
op ol elai] £aS o Salbl G ol pudtll GVl Lo el el

02 gl U1 el ol YL

web lA vl G ULEoJU 8ung Ul pUAS
.LwﬁcgyJHiA;ADCJYULJ\uéagdf>cyuggcfeqsim5cCDVU&JQ%rp}3¢w$¢Lﬁy
oY EJb i s
import pandas as pd
import numpy as np

from sklearn.feature extraction import text
from sklearn.metrics.pairwise import cosine similarity


https://thecleverprogrammer.com/2021/02/27/cosine-similarity-in-machine-learning/

alioll Gy o @Dl el bl ol

data =
pd.read csv("https://raw.githubusercontent.com/amankharwal/Web
site-data/master/articles.csv", encoding='latinl')

data.head()
(B Article Title
0 Data analysis is the process of inspecting and... Best Books to Learn Data Analysis
1 The performance of a machine learning algorith... Assumptions of Machine Learning Algorithms
2 You must have seen the news divided into categ... News Classification with Machine Learning
3 When there are only two classes in a classific... Multiclass Classification Algorithms in Machin...
4 The Multinomial Naive Bayes is one of the vari... Multinomial Naive Bayes in Machine Learning

r.l&;’:.w." L’}GJ IRy o g fl.la.: GLﬁ..’;}I rU}d.«)U Golas SJ.AL>- oda <LLI i gozs
VG f 2 0 Bl o Ll o L5 Bun

articles = data["Article"].tolist ()

uni tfidf = text.TfidfVectorizer (input=articles,
stop words="english")

uni matrix = uni tfidf.fit transform(articles)
uni sim = cosine similarity(uni matrix)

def recommend articles(x):

return ", ".join(data["Title"].loc[x.argsort () [-5:-1]])
data["Recommended Articles"] = [recommend articles(x) for x in
uni sim]
data.head()
Article Title Recommended Articles
[1] Data analysis is the process of inspecting and Best Books to Learn Data Analysis  Introduction to Recommendation Systems, Best B...
1 The performance of a machine learning algorith.. Assumptions of Machine Learning Algorithms. Applications of Deep Learning, Best Books to L...
2 You must have seen the news divided into categ... News Classification with Machine Learning  Language Detection with Machine Learning, Appl...

3 When there are only two classes in a classific... Multiclass Classification Algorithms in Machin... Assumptions of Machine Learning Algerithms, Be...

4 The Multinomial Naive Bayes is one of the vari Multinomial Naive Bayes in Machine Learning  Assumptions of Machine Learning Algorithms, Me....

S 505 AN S e gares JI i 350 BLS] s el 25V e 5 LS
) Sl iz (55 0V Lies gy o sall SV a5l
print (data["Recommended Articles"][22])

BIRCH Clustering in Machine Learning, Clustering Algorithms in Machine Learning, DBSCAN Clustering in

Machine Learning, K-Means Clustering in Machine Learning

Loy ((agglomerated clustering) JStall puazall e e e 22 o jedll (6 5ony
M Lo gl ol 0f J )1 Loy D paed) ol ) Bl Ly (o podl VUil e
ol 3 1 ) s Jany of Ll o Sa
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Future Sales Prediction with Machine Learning
syl G, L ) (Future Sales Prediction) &bl Ol 522l el
ol Ll Slanedl 3ol) 10 e daall Slia i) O Wl5 a2
0dgd IVl plasenanly Lo pried el bl 3l (s O o 5 coST13] U
I e Bl Olaeead 5ol dage I 0T G5 o Aol o (3.l Feslis Dl

0L plseal Y1

(JLa duwly) ulud ol ile ol G4l
UL e sazes Gl gtall Sl Sy ULy e La 3l 1 SULI s somes (g 200
oy lah ke £33e] wlats e (5)ldl bl Laasly 21 eI Sy
(OBl A oz Fidoe VI o)

Coal I e OV YL oMY 2SS :Radio .2

5y 2l QO Y506 a5 ) oMY 4SS :Newspaper -3

tdeladl wlu> gl sue :Sales .4

OF ol ol e OO WNUSS o mteadl Slas oz oDl SLLI o pazes ($e
I BT G s ool ] JOYI 0dn SULI o gazen (g ¢ o5 SN ngd 25 055
0520 sl JYI Wl planly e Slaedls 50 dogo
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b SLSla slzl Go b e JYI el ol Bkl Sl 5l doge T
g Al UL &e porma

import pandas as pd

import numpy as np

from sklearn.model selection import train test split
from sklearn.linear model import LinearRegression

data =

pd.read csv("https://raw.githubusercontent.com/amankharwal/Web
site-data/master/advertising.csv")

print (data.head())


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

Y el 48,0 03 (gl e (5505 oda SULII e pome OSTIS Le e 6 a5 A Uses
print (data.isnull () .sum())

TV Radio Newspaper Sales

8 23e.1 37.8 69.2 22.1
1 44.5 39.3 45.1 10.4
2 17.2 45.9 69.3 12.0
3 151.5 41.3 58.5 16.5
4 186.8 1e.8 58.4 17.9

el o B e 3 0V Lo 22,6 o3 (6T e o UL e pera (g o Y U
:(units sold) deladl wold gl g g5kl e oMYl e a3li) = é.’dl

figure = px.scatter(data frame = data, x="Sales ",
y="Newspaper", size="Newspaper",

trendline="o0ls")
figure.show ()

Rado

el il ool ) e 03T e L] oy (g ool BN 3 01 e

figure = px.scatter (data frame = data, x="Sales ",
y="Radio", size="Radio", trendline="ols ")

figure.show()
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figure = px.scatter(data frame = data, x="Sales ",
y="Newspaper", size="Newspaper", trendline="ols ")
figure.show()
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eladl Sl s sl I e 0! e 3Ll o () joodl s BT e 5 0V Lies

figure = px.scatter (data frame = data, x="Sales",
y="Radio", size="Radio", trendline="ols")
figure.show()

Rado

el 0 51 O e ilides liate e oY1 o L) oo Ul Aleadl JS o oo
OV ke gmiedl laa 8315 I (5350 0l o il e 03T e a3lis] oz (U1
Pl 3 gomy Bas Yl o B3I o 3k Al

correlation = data.corr()
print (correlation["Sales"].sort values(ascending=False))

Sales 1.008000
v 8.901208
Radio 9.349631

Newspaper ©.157960
Name: Sales, dtype: floaté4d
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X = np.array(data.drop(["Sales"], 1))
y = np.array(data["Sales"])
xtrain, xtest, ytrain, ytest = train test split(x, vy,
test size=0.2,
rand;mistate=42)
il Slaall 3l 5 el ok 0V Les
model = LinearRegression()

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

Sy sokmy 520l o) bl ) 5al) (s 3 s02ll 3JI o3 oY1 L
ke Sla e 0B e SLS] v g ghall e 5y gy Koy 1 gl

fifeatures = [[TV, Radio, Newspaper] ]

features = np.array([[69.2,37.8,230.1])
print (model.predict (features))

[21.37254028]

uﬂi‘l.l.o."

al) Ll Slaally 3eal) JY) el 23 g0 5 L Loy 1 3 ol n ol
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101 IVl roleill go Netflix oauw yeun) §uiill

Netflix JUI odcil o Netflix paw jeuny g1l (19
Stock Price Prediction with Machine Learning

i gores o5 o o8 (OTT) &8b Il dots &y Dbz 38T 0 315 o Netflix
Netflix ool B5mell Wgleta Skasy eV & p5akl) ONdenadl (o 5,8
AL GV G hlatial GG okl oY1 31, L Gsls . Originals
5 BAS e Ol G0 gk er el S 13 L Lgatd Ul Netflix o IS,
O g Wil odn 3.8 Ele Dl 0dgh ( JYI ol ol Netflix gl s
00k plely JY ol plasealy Netflix pgul and 23 5 daga IS5 051

DI pdel go Netflix pauw jeuny §uiill
345 LY LSTM a2l psalin o JYI el o Netflix gl jlansly 520
S sl ol Tule dho U L I AU 5eadly Hlassll et Gkl Luzdl
INEtlix gl Hland SLLy St o3 sl O gl
import pandas as pd
import yfinance as yf

import datetime
from datetime import date, timedelta

today = date.today()

dl = today.strftime ("$Y-%m-%d")
end date = dl

d2 = date.today() - timedelta (days=5000)
d2 = d2.strftime ("%Y-%m-%d")

start date = d2

data = yf.download('NFLX
start=start date,
end=end date,
progress=False)
data["Date"] = data.index
data = data[["Date", "Open", "High", "Low", "Close", "Adj
Close", "Volume"]]
data.reset index (drop=True, inplace=True)
print (data.tail())

Date Open High ... Close Adj Close Volume
3442 2022-02-01 432.959991 458.480011 ... 457.13ee05 457.130005 22568100
3443 2022-82-92 448.25@00@ 451.980011 ... 425.48eel1l 4295.480011 14346000
3444 2022-82-83 421.448002 429.260010 ... 405.600006 405.600006 95905200
3445 2022-82-04 407.309998 412.769989 ... 4le.17eel3 41e.17e813 7782400
3446 2022-82-87 410.178013 412.350006 ... 402.108006 402.100006 B223000

[5 rows x 7 columns]


https://web.stanford.edu/class/cs379c/archive/2018/class_messages_listing/content/Artificial_Neural_Network_Technology_Tutorials/OlahLSTM-NEURAL-NETWORK-TUTORIAL-15.pdf

8ol §u b ¢pc @I polcig bl rode 102

Lyl 8 me Sy 0500 dyfinance APT plisal oSlel UL o gores oz o2
gl Bt pliscly Netflix Gl bl Slly g bes oY1 La o0 Lge
:W‘Y! Sl Qolaidly B33l e dsly 8, 50 u)ﬂ;u &Y (candlestick chart)

import plotly.graph objects as go

figure = go.Figure (data=[go.Candlestick (x=data["Date, ["
open=data["Open"] ,
high=data["High"],
low=data["Low"]
close=data["Close"]) 1)

figure.update layout(title = "Netflix Stock Price Analysis”,

xaxis rangeslider visible=False)
figure.show ()

Netflix Stock Price Analysis
600 J&
. ‘M \
e

o/

100 ,th-‘"/ﬂ

Close ) MY 5 som sdes! & (correlation) bls,l Je &,k A oYl Les

:(column

correlation = data.corr()
print (correlation["Close"].sort values(ascending=False))

Close 1.000000
Adj Close 1.000000

High ©.999837
Low 0.999831
Open ©.999643
Volume -8.395022

Name: Close, dtype: float64

Netflix oaw jeuy §uiidl Je LSTM i
sy Nethlix agor sl 23 5 doged LSTM dmand | 321 5 50 oy 0¥ 530
DLy s e gazes I SBLIN iy Yl Ln o 3l 0 10

data[["Open", "High", "Low", "Volume"]]
data["Close"]

x.to _numpy()

KX R OX

y.to numpyQ


https://thecleverprogrammer.com/2021/12/21/get-stock-price-data-using-python/
https://thecleverprogrammer.com/2021/12/08/how-to-analyze-a-candlestick-chart/
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y = y.reshape(l,-1)

from sklearn.model selection import train test split
xtrain, xtest, ytrain, ytest = train test split(x, vy,
test size=0.2,
random_ state=42)

: LSTMiranll 81 S slael o sl oY1

from keras.models import Sequential

from keras.layers import Dense, LSTM

model = Sequential()

model.add (LSTM (128, return sequences=True, input shape=
(xtrain.shape([1l], 1)))

model.add (LSTM (64, return sequences=False))

model.add (Dense (25))

model.add (Dense (1))

model . summary()

Model: "sequential"

Layer (type) Output Shape Param #
=;:::=(L5TM) ===::‘I:::j N 12;?============::::;=====
1stm_1 (LSTM) (None, 64) asaes
dense (Dense) (Nene, 25) 1625
dense_1 (Dense) (None, 1) 26

Total params: 117,619
Trainable params: 117,619

Non-trainable params: @

Netflix pgoel Slanl 3228 LSTM das 805 73500 ol Loy S L) oY

:g)Qgrusaug

model.compile (optimizer="'adam', loss='mean squared error')

model.fit (xtrain, ytrain, batch size=1, epochs=30)

Epoch 1/38

2757 f275F [S======—=s=s=———====——=-1] - 2
Epoch 2/38

2757/2757 [==============================] - 2
Epoch 3/3@

27572757 [ ==================—==c=c==—==—=|_ 12
Epoch 4/3@

2757/2757 [==================z===========] - 21s Bms/step - loss: 372.2728
Epoch 5/3@

2757/2757 [==============================] - 23s 8ms/step - loss: 393.3465

@

s Bms/step - loss: 7604.0146

iy

s Bms/step - loss: 631.5478

iy

s Bms/step - loss: 464.4248
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Epoch 6/3@
275772757 [==: - 23s 8ms/step - loss: 3B8.6576
Epoch 7/3@
2757/2757 [== - 24s 9ms/step - loss: 256.3762
Epoch 8/3@
275772757 [ - 24s 9ms/step - loss: 233.4081
Epoch 9/3@
2757/2757 - 24s 9ms/step - loss: 277.1848

Epoch 1e/3@
275772757 [
Epoch 11/3@
275772757 [==
Epoch 12/3@
275772757 [==
Epoch 13/3@
2757/2757 [==
Epoch 14/38
275772757 [
Epoch 15/3@
275772757 [
Epoch 16/38
2757/2757 [==
Epoch 17/3@
2757/2757 [==
Epoch 18/3@
2757/2757 [==
Epoch 19/3@
275772757 [
Epoch 28/38
2757/2757
Epoch 21/3@

275772757 [
Epech 22/3@

2757/2757 [==
Epoch 23/3@
2757/2757 [
Epoch 24/3@
2757/2757
Epoch 25/38
2757/2757 [
Epoch 26/3@
2757/2757 [==
Epoch 27/38
2757/2757 [==
Epoch 28/3@
2757/2757 [==
Epech 29/3@
2757/2757 [==
Epoch 3@/3@
2757/2757 [ ] - 21s 8ms/step - loss: 182.8294
<keras.callbacks.History at @x7f@857f21790@>

- 24s 9ms/step - loss: 271.6196

8ms/step - loss: 314.4778

8ms/step - loss: 318.0%94@

8ms/step - loss: 23@.9971

8ms/step - loss: 320.0016

8ms/step - loss: 266.8751

8ms/step - loss: 184.3275

8ms/step - loss: 187.5371

8ms/step - loss: 262.0464

- 23s 9ms/step - loss: 124.5728

- 22s 8ms/step - loss: 235.3674

- 22s 8ms/step - loss: 210.1229

- 22s Bms/step - loss: 149.8262

= 225 Bms/step - loss: 137.85e8

- 22s Bms/step - loss: 182.6988

- 22s 8Bms/step - loss: 139.5222

- 23s Bms/step - loss: 174.5475

- 23s 9ms/step - loss: 139.8385

= 235 Bms/step - loss: 135.3198@

- 21s 8ms/step - loss: 122.6136

et bl 1 lal) Goy dlsaodl sllas] IS5 (o b pecdl i Les Y
ALl el 5l 3 sacdl 1

import numpy as np
#ifeatures = [Open, High, Low, Adj Close, Volume]



105 Il rode il go Netflix oaww yeuny §uiill

features = np.array([[,398.200012,427.700012,401.970001

20047500]11])
model.predict (features)

array([[408.57364]], dtype=float32)

el Sl 52l dagad LSTM e 805 25 500 o )5 Ly iy 1 2 Jall o1
092 plasealy SV (Ll s Netflix

uaaloldl

Netflix. Netflix pgal slanl 522 JI ool ol L bastoy 21 25l o oda
GG 0 lasll ol N L3l L Gsls st OTT &y liae 28T a5l 2
ol 18 0655 01 ol Lgntd 13 Netlix Jo 1S3 LI G131 G g ol Lol
0 89b plasenly JYI el e Netflix vgusl slan] o35 dogo s Dliadl o
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Stress JUI rolcil pladiwl alaall GLibAl (20

Detection with Machine Learning

Llaa)l dall (depression) olesSNIy (anxiety) Glalls (Stress) sle¥l sug
oY L L UL a0 sl hd o w0d) jased S Wl (mental health)
S gl Ol siie SO Slnstagram Jus el Yl ool sl olate e o e lis
Lslodl A ol gl Josubreddits e el I ol 231 LB IS0 SReddit
Sz il oo G ot suelead (5 soe LY (S omall 22 e dydal) S
Loloa ¥ Il i o o 5 all slgz V) ope CaaSl s lolinadl (ya il
NI IRECIME WS RPN T RO g RC RV EYVIP-EE TN POR S 53 PC
B2l s Dl odgs «_slar VI Jol gl By ol Jo Lorall GLazsy Y
el JYI ol ru;a;,g slex ¥l e casSdl dage JD ST O g Dl wia
052k

I rde Ul polaaiwl alaa Ul @LiiAl

adsins O Sy A SIS y,;ks\ do g o has doge 3l BLEST| U
ol s by o Sy sl OS] Lo e 5 01 Sy S5 w85l GoliedY)
Sl 23 500 o el oSl A UL Slegors o Sl L3
glos Bsee 116 Jo 500 Kaggle e Dbl ds pozes ol oolezr )l (e 22800
Aogodl sdg (label) Lol (text) Laidl 5 goe plibenl J) Laid

subreddits e 355800 DUl e dagall edgd Ladsed 2l SULL s gazes (5 500
i)l doeall S (o dudadl e ol ULI e gaes 6,@ Al deall Gl
0 el e odia UL e gores Citdd o3 caedl s Lol GoedVI LS5LEy
S gow coloal el G ol Nl ) ety 15 sl 35z pde )0 ko S
052 plseal el ool gl Blas ool piie (355901 e iSOl dage IO 8051

UL laa U alaa Ul SLLLAl
Sl Go b o Fagall o Tl JYI il plaealy slear Y1 GLesST doge oY1 Tud
thagall oddd Lerbosd Al OUL &esaens &) 5 120l 0 20l leSee

import pandas as pd

import numpy as np

data = pd.read csv("stress.csv")
print (data.head())
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subreddit post_id ... syntax_fk_grade sentiment
(-] ptsd 86@1tu ... 3.253573 -©.082742
1 assistance 8lbrx9 ... 8.828316 ©.292857
2 ptsd 9chlzh ... 7.841667 ©.011894
3 relationships 7rorpp ... 4.1e4027 ©.141671
4 survivorsofabuse 9p2gbc ... 7.910952 -9©.204167

[5 rows x 116 columns]

Y el 32,6 13 (gl e (50 0dn UL e gome COSTIB] Lo o 8 a0 A L yeo
print (data.isnull () .sum())

subreddit
post_id
sentence_range

text

® ® O @ @

id

lex_dal_avg_pleasantness

social_upvote_ratio

e
e
social_num_comments e
syntax_fk_grade e

e

sentiment

Length: 116, dtype: int64

sl g0 e OV Les 2,0 o3 ol e eda SULI! o pars (g5 Y U
Sl Ll Jls (stopwords) 2 gl OldSS el s see Caken) ods UL de gazead
:B&\AL5&9&#BJ

import nltk

import re

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('\[.*2\]"', '', 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)
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text = [stemmer.stem(word) for word in text.split(' ')]
text=" ".join (text)
return text

data[“text”]=data[“text”].apply(clean)

I 055kt Gl Goled¥I |3 e Glasend 2SN LS e 5 10 3k oI Les
word ) LSl &lww a3 I (o ol V) Jol 1 las e pgsl JSLoe
toel 5 5ee $(cloud

import matplotlib.pyplot as plt

from wordcloud import WordCloud, STOPWORDS,

ImageColorGenerator

text = " ".join(i for i in data.text)

stopwords = set (STOPWORDS)

wordcloud = WordCloud (stopwords=stopwords,
background color="white") .generate (text)

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

plt.imshow (wordcloud, interpolation='bilinear')

plt.axis ("off")

plt.show()

Ot ¥y ¥ N\ I | -
‘.:.t?hlnw[ﬁlg:x: amili - ,pgoplaSk
Ul BLiLiAl pagol
J?jr.l&g.ago1}O&QW&0MQBM\&ML}M\>}A§E§M
Al 1.0 5 1 oo Yo slem W paes sl ¥ oo paselis lea] 1 ons ole
I el 23 503 o o) Bl ) Bk s S G 5 3 sl Lia
data["label"] = data["label"].map({0: "No Stress", 1:

"Stress"})
data = data[["text", "label"]]


https://thecleverprogrammer.com/2021/11/11/word-cloud-from-a-pandas-dataframe-in-python/
https://thecleverprogrammer.com/2021/11/11/word-cloud-from-a-pandas-dataframe-in-python/
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print (data.head())

text label
@ said felt way sugget go rest trigger ahead you... Stress
1 hey rassist sure right place post goe im curr... No Stress
2 mom hit newspap shock would know dont like pla... Stress
3 met new boyfriend amaz kind sweet good student... Stress
4 octob domest violenc awar month domest vielenc... Stress

)L.‘Io-b YRR wadlo.’dﬁ C)L}L:J\ AS«M rAMBLﬂd’y‘

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

X = np.array(data["text"])
y = np.array(data["label"])

cv = CountVectorizer()

X = cv.fit transform(x)

xtrain, xtest, ytrain, ytest = train test split(X, vy,
test size=0.33,
random_state=42)

g o(binary classification) SLal Ciasdl ASae J| wad degoll oda oY ks
Ol gl Jw\ oo ddly as Al (Bernoulli Naive Bayes 4wl > ("b‘"“j
::Merloﬁ«_i$S3\C}}A3L;p~T9J3UjpsgﬂLU.L;tﬁ‘;jgwdﬂ\JfLim

from sklearn.naive bayes import BernoulliNB
model = BernoulliNB()
model.fit (xtrain, ytrain)

i) doeall e Tlo 51 gkl Jeadl Jam e Ll ge so] 85 oV Les

user = input ("Enter a Text: ")

data = cv.transform([user]) .toarray()
output = model.predict (data)

print (output)

Enter a Text: People need to take care of their mental health
['Ne Stress']

user = input ("Enter a Text: ")

data = cv.transform([user]) .toarray()
output = model.predict (data)

print (output)

Enter a Text: Sometime I feel like I need some help

['Stress"]
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8l s eda Ly ol VI el 23 505 e B S (55 O LiSay (055 LS
Jol sl Blay oy giie o slg ¥l OLaSY slea-Y! QL:SCS}Q.} oyl g e
SULI e e g5 Gk e Mn IV el 23 505 (o e o Laza Yl
uaaloll

Shgiie o sl ¥l BLasY JYI el 5500 ol L ShiSay I 2Bl o2 o
oV Jol sl olais e wajolie Wl )l L Bl . eloa ol 21 il
Lilu gl oo o) gall slez ¥l e Sl el Slalziall e dpdall (S
Bliall oda ol 05 0585 O Jol Lo s gideloned gele niall o ] Lolozr Yl
0L sl JYI el sl sl Yl GLassT J
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JUI pdcl pladiwl adiodl e wdnuy guildl (21
Product Demand Prediction with Machine
Learning
Bl Cilesy (demand for a product) geiell e Gkl OF G y3 13 (685 O e
L 5 5,0 ) gnall OIS Lo (g (ol Il e il 05T 13) 0 e
}.:J‘ L-§'°:’ g..L:SKBJM _).:,)3 QS‘)!_OJM u.aLLm\ca ;,..LEJ‘ }\.}J':aj aj.&ws.}l::)tag_‘.lm‘
Ghallol G g il odn (3l dalin Dl 0dgs ( JY ] plasinaly e o bl
05U plsealy JYI el plasenly el e bl 5l dege o
(6JLa duwlya) adiodl le ulinJU §uiill
30 05 sl Maall o S35 Lgiloie o Slopuas i) e 8,5 alass
g ey Lgdlios Bylhe ol Bds Lo a0 0555 O S0z U1 jandl e ) 2l
S 50 e 2l Sl Gl ol il Sl i gezes 35,201 sl cdogall
Aalsee land 3120 G el Gl e Il 3l Sy 3 500 o)l J] b
13 Ly e degoll 0dgd Lodd A SULII e gazes (g 505

‘(the product id) geell Gixe 1

.(store 1d) el G me .2

ta il mo o5 Ul (total price) Jlax Yl adl .3

‘@ CMJ\ & L“g.JJ\ (base price) L;MLJY\JMJ\ 4

¢(4 slaodl LaS1) (Units sold) deluadl wla= gl .5
Gl e bl 3l dagad Lo Jasiin A1 IS ULy ¢ 5 0V gl OF ol
plasaly Y pladl plisenl miedl e GBIl 52l e Slalbl G pan colis] ol
052k
gLb laa b adioll (le )y §uiil
Ul 3ol dagal Lzrbow A1 UL deazeny G5 all 050k SleSo sl naly 1)
:G:;AJ\ e

import pandas as pd
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import numpy as np

import plotly.express as px

import seaborn as sns

import matplotlib.pyplot as plt

from sklearn.model selection import train test split
from sklearn.tree import DecisionTreeRegressor

data =
pd.read csv("https://raw.githubusercontent.com/amankharwal/Web
site-data/master/demand.csv")

data.head()

ID Store ID Total Price Base Price Units Sold

e 1 8891 99.8375 111.8625 20
1 2 8091 99.8375 99.8375 28
2 3 8091 133.9500 133.95e8 15
3 4 8091 133.9500 133.95ee 44
4 5 8091 141.e75e 141.0758@ 52

Y el 32,6 13 (gl e (5 50 0 UL e pore COSTIB] Lo o 800 2 oY1 L
data.isnull () .sum()

ID
Store ID
Total Price

Base Price

® ® B ® ®

Units Sold
dtype: int64

Total) Jloar ¥ jandl s soe 312k 53 g sl dod o SULII e goren (g 523 (S
i Sl 3 1 3 JalSIL il i AL o 3Lu ((Price

data = data.dropna()
scatter ) s Jalases bs piseialar eiedl e Clalls pand oy B Mot Y1 L ges

fig = px.scatter (data, x="Units Sold", y="Total Price,"

size='Units Sold ')
fig.show ()




g ek

= ol ) O oo 55 il Sl O gl SULI B (lame 0 (55 0 LS
i gazes Slps o (correlation) BL,YI e 5k A6 oY) bes . olbamal an
1L

print (data.corr())

ID Store ID Total Price Base Price Units Sold

D 1.002000 ©.007464 8.e88473 @.918932 -8.el1e6l16
Store ID 2.007464 1.000000  -0.@38315 -0.038848  -0.004372
Total Price ©.808473 -0.838315 1.e08000 @.958885 -8.235625
Base Price ©.918932 -2.038848 9.958885 1.008000 -8.148032
Units Sold -@8.010616 -0.004372  -0.235625 -0.148032  1.000000
correlations = data.corr (method='pearson')

plt.figure (figsize= (15, 12))
sns.heatmap (correlations, cmap="coolwarm", annot=True)
plt.show ()

10

adioll L dinly gl gag.o

Al sl el e Il 5anl) Y1 el 25 500 o5 g J) Ja0 Y1 L
jeS (Base Price) _wlwd) jadls (Total Price) Jlaz¥ adl 5 50e sts-la
i 5ol sk (Units sold) dsbuadl ol gl > gas 5 o723 sandl gy

x = data[["Total Price", "Base Price"]]
y = data["Units Sold"]

DA 8 e 51l dayl 3= pdseind 5 Sl s sl Sl goe JL UL s 9T Lo

L3 a3 o yd (decision tree regression)

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

random state=42)
from sklearn.tree import DecisionTreeRegressor
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model = DecisionTreeRegressor()
model.fit (xtrain, ytrain)

S AN oS 13 555 723 g0l Gyl e Jlaz Y jandl) sl 5 Lies 591
ol 0 e by e lb
#features = [["Total Price", "Base Price"]]

features = np.array([[140.00,133.00]])
model.predict (features)

array([27.])

i loll
gied) e Gl sl agad JUI el 3 508 s Ly Sy 1 2l o ode
OS2 (I 13] el e Gl e 355 1 s I ol pall ol gl 0 g el
0555 01 Jol el @81 ) o il 05 ey o oo (ol 0 203 06 6855, gl

05 el JVN el IS e el e QUL 5l o Bliadl adis ol 8
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Electricity JUI pdcil go UyaAll jlewl §uiil (22
Price Prediction with Machine Learning

dodall 2 SN s 50l Aol . ol ge 80 e (Electricity Price) s 4831w dozay
Dol 5l e ez ple JS'Lgmbs e oty 1oL S0 5l ngh e SIS, e
o5l DOVl e By b g8 o sel) mdl 85 ) L oo Dl s s 51680
b Sy 5530 LS B ey 5 ST I3] AL S, Lot 1 AR YU
ol o b gl slanls 5200l g e Salll G g Bliall ek (3.2 Elis Dl el

05k plsenl JYI

(6Jla éuwlya) Uil jlewl §uiil

e b et LSl 1 Bl Calsss oo o godl Dlads e iy s OF 5 231
Badiall (50 sl 51te e I LS 3 ol o1 el ZAISEH o3 Y 11k
UL logs o b VY1 LSlgns 1 el g8l an oo Ldu,lb bl Slsg)
" el el 5 g ) 5

Jreedl 2355 70,0 :DateTime .1

Ak ks ool GIST15) Alanll ol e (g 5w :Holiday .2

O dpdl llae <3815 1 Je g 5o :HolidayFlag .3

oS e 2 00550 G 620 (s o8 o (50w :DayOfWeek .4
Al e Cf"j :WeekOfYear .5
.@)L:.H es:Day .6

ol e :Month .7

ol & Year .8

o5l o dele (a8 23 :PeriodOfDay .9
g g s 5 :ForcastWindProduction . 10

Bl pb gl Josdl 08 5 SystemLoadEA .11

35adl 2l :SMPEA .12

Adadl sl ol d s w3 :ORKTemperature .13

el AL I e il :ORK Windspeed . 14

ozl b S 0 g SN ST Sl ddaid) L3I : CO2Intensity .15
(ol L sl g%l :Actual WindProduction .16

(b el el Joxdl :SystemLoadEP2 .17

(g5 S o3 5l Sledle) i0gnmall L gSW Jndl) i :SMPEP2 .18
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2L Sl s ld Y1 ] 23 505 o pted ULl el oo L Siags 016 1
ol plasly ol Sl el 52501 doge e Salblar (ol vl G0 VY el I

import pandas as pd
import numpy as np

data

052k el JYI

9ol aJ laAa il Uil jlewl guiil
UL e gazen s dy 5 il O gl leSe szl 5o b e el SIS lanls ol dege Tl

agodl sdgd Lgrbos

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

B oW N B O

[s

DateTime Heliday

81/11/2e11 ee:ee None
©1/11/2e11 oa:3e None
81/11/2e11 el:ee None
81/11/2e11 el:3e None
91/11/2011 ©2:00 None

rows x 18 columns]

data.info ()

SystemLoadEP2 SMPEP2

3159.68 54.32
2973.81 54.23
2834.88 54.23
2725.99 53.47
2655.64 39.87

ol SULI de sazs skosl e o 600 AL Lo

¢<class 'pandas.core.frame.DataFrame'>
RangeIndex: 38814 entries, © to 38613

Data columns (total 18 columns):

#

W Om NG W R W N B ®

L i =
AV bk W N RO

17

dtypes: int64(7), object(11)

Column

DateTime

Holiday

HolidayFlag
DayOfleek
WeekOfYear

Day

Month

Year

PeriodOfDay
ForecastllindProduction
SystemLoadEA

SMPEA

ORKTemperature
ORKWindspeed
C02Intensity
ActualWindProduction
SystemLoadEP2
SMPEP2

memory usage: 5.2+ MB

Non=-N

ull Count
non-null
non=null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non=null
non-null
non-null
non-null
non-null
non-null

non-null

object
object
inte4
inté4
inted
inte4
int64
inté4
inte4
object
object
object
object
object
object
object
object
object
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SUL e gazes Filadus 03 o Ll o) 5 Sl e Ll O 61 O ks
kedl (03 g Lo oty G ool |3 10 dasle U3 T doenns 3lae]
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 (gl e (g 50 o SULI) e pore COSTIS] Lo o 5 15 3 oY Lo
data.isnull () .sum()

DateTime
Holiday
HolidayFlag
DayOflleck
HeekOfYear
Day

Month

Year
PeriodOfDay
ForecasthindProduction
SystemLoadEA
SMPEA

N NV OO O ® 0O 0O O O

~
(]
wn

ORKTemperature
ORKWindspeed
CO2Intensity

[
0
]

ActuallWindProduction
SystemLoadEP2

SMPEP2

dtype: inted

(I NI, BN

S Ggiall ada J8 blank pile Al o8 e 500 S 3das) Gan s S
ZCJUQJ\KP)AeuaLp %AU—V?BLAP‘éJL>§
data = data.dropna ()

r ULl e gazes BodasYl o o BV e 3l 2 oY1 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

DayOftesk — 013 00089 00046 00043 000098 000033 0036 D18 0078 0016 005¢ 003 0032 049 007

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

SMPEPD 00018 00T 0016 D013 0015 0045

&
=
&

00091 0035 0035 D083 052

&

SMPEA

]
H

o

4
&

HolidayFlag -
DayOfieek
Weekortear -
PeriodOfDay -

FarecastWindProduction

SystemloadEA -
CRKTemperature -
CRKWindspeed -
CO2ntensity -
ActusithndProduction
SystemLosdEP2 -

Lyas)l jlewl §uil eagod

Sl eodl o T a Cirsla ol 01 sl (8.5 25 503 oS Aoge J) Jis 0¥ L
ol Ol gazes I SULIN endli I3 dags oy JI Sdgmad) 3 gonlly X J] daged!
Dlesls

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) &3l sl B L))l b jbala oo das s oda oY 1k
ol S ey 5l 23 500 ]

from sklearn.ensemble import RandomForestRegressor
model = RandomForestRegressor ()
model.fit (xtrain, ytrain)

RandomForestRegressor(bootstrap=True, ccp_alpha=8.8, criterion='mse’,
max_depth=None, max_features='auto', max_leaf_nodes=None,
max_samples=None, min_impurity_decrease=8.8,
min_impurity_split=Nene, min_samples_leaf=1,
min_samples_split=2, min_weight_fraction_leaf=0.0,
n_estimators=10@, n_jobs=None, oob_score=False,

random_state=None, verbose=@, warm_start=False)
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ke 85 Ll o3 gl e Lalstiind 012yl Sl o s S 0V L

#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 Sy 1 2 ol o o
hﬁlﬁi{ﬂ|
adl o ol g1l 320l g o Bliall odin ol 5 00585 0 ol ple JS Lgmds
Db el JYI
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Language JUI olcil plaaiwl dell @luisl (23

Detection with Machine Learning
natural language ) &b 44 dxdles dogs (Language detection) &l SLasT
Lodowd JYI il el 1T sl 5l atd) 8 ko J) -l o (processing
o o5 (DA SULI o 2801 Ala (S5 o &Y Sl g ey s s s B3
130 40 R0 o) & 201 JYI el 2305y el Il 35 o gy SULI b5
W dalis Dlia 0dgd AR BLES| e JYI ] 25 503 oy LASTE pme 5 S
05U plasealy JYI el el Bl GBLess dege o Salbl G g Dl oda b

ac Ul eluiAsl
g D i) 2 (Sl s e b0 I Sl LS 3 g LS (O LlS
o M gl A e o Ul 250 Y (G 8 oS0 ¥ Bl e
43 a>1 Google Translate Ja 4xll Jdoss dags phisel 4 Sy 1 OIS
G5 500 Cal oy oIl I ol o 2801 iy s WJW) Gl o s
Az 5y 5 ARG, Y o813 Lgalubenal Selay 1 il GLasy SV ol

Hp Text B Documents

DETECT LANGUAGE FRENCH ENGLISH HINDI ~

G/

4 0/ 5000 -

5 5l UL sl LSl pe Sl 3 505 s o5 ool » (Data) LI
I DBl s gazes o o5l 3 ) Bl g elsl BBs sl A S bl
1000 e 55005 a6l & 22 I bly o g0 s (Kaggle oo Lgadsu]
Pl &)l BLES) 5 g0 oy Bawls ULy e g § 3 LU (A S Gilaxr
sy Bl BLasST 23 500 oyl LS e alblu ool vl G JYI (L

0L plaseal JYI Ll
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By padl UL

import pandas as pd

import numpy
from sklearn.
from sklearn.
from sklearn.

data =

as np
feature extraction.text import CountVectorizer
model selection import train test split

naive bayes import MultinomialNB

pd.read csv("https://raw.githubusercontent.com/amankharwal/Web
site-data/master/dataset.csv")
print (data.head())

Text language

@ klement gottwaldi surnukeha palsameeriti ning ... Estonian

1 sebes joseph pereira thomas p3 eng the jesuit... Swedish

2 auulaiaiAe AAY3L5IU thanon charoen krung L... Thai

3 dlsmsliulgeanh silbsrrissoms GHal USST. .. Tamil
4 de spons behoort tot het geslacht haliclona en... Dutch

Y el 32,6 13 (6l e (g 5o 0 SUL) e pome COSTIS] Lo o 155 6 L yes

data.isnull () .sum()

Text

language

e
e

dtype: int64

o UL e pore (385 52 sall AU e e 8,020 AL oY1 Les

data["language"] .value counts()

Persian
Korean
Indonesian
Dutch
Estonian
Hindi
Urdu
French
Turkish
Latin
Arabic
Russian
Thai
Spanish
English
Japanese
Pushto
Chinese
Tamil
Swedish
Romanian

Portugese

pL: -0
leee
leee
1000
1000
pL -0
leee
leee
1000
pL -0
pL -0
leee
leee
1000
pL -0
1680
leee
1000
1e00
1680
leee
1000

Name: language, dtype: inté4
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QLaL:.' a’}“’.’-‘ oda .43 qu.ﬁ‘uaa- ]_OOOCO:\;J 22&90M le:....“ Z&ML*S)M
358l oda SULII e gazen Ol J g8 iy S (35 gke o e (5 505 Vs LA &1 50
IV sl 25 50 o5 BlgalisenY Gles

. ‘I'I‘gl o e Elajg_o_j

DLy s Sl gazes JI UL s 0V Lies

X
Yy

np.array(data["Text"])
np.array(data["language"])

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)

U ((multiclass classification) <Al sdme Cainan Glas dSie oda Ry s
oda oY Ll GLes) T35% oo Multinomial Naive Bayes &)1 rv\;aw;b

O] suae Ciinas e asUil] oSSRl e o s S8 Gasls s 155!
model = MultinomialNB()

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

©,953168044877135
tpdeinad] JUo] J5T NS e el 880 GBLaSY 23 el e ptss 9V Lo

user = input ("Enter a Text: ")
data = cv.transform([user]) .toarray()

output = model.predict (data)
print (output)

Enter a Text: SEHY 331 TET &

[ "Hindi']

Zosdl 1 0 5o b i he oy oy o b b S oy 3500l OF 035 LS
UL e pazes 35 Shall DRI OLEST| Jaih 48y

uﬁﬂ'.l.o.”
JEVEIPRX PP OISRV SIVE STE S I N PSeS [P EEERT
ol 2305 pn daall a3 55 ) gy SLL 35 e S5 el I UL oy
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JUI plciUl go Tata Motors o yeuy il (24

Tata Motors Stock Price Prediction with Machine
Learning

455 . Tata Motors 25,3 g o GBLII 310 (o 25T 8345 Luag JRESN o] &
A1 5 s kgl bl ez o BB Ao peme gl plama¥l e e J) S (3
Tk 5)L3) 0555 O (Seu b ya5 (Tata Motors 38,5 pgul lan] GLoLisul o ol dgs
@ 52015 Tata Motors &, wga yres Jolosd L4578 e Ly 5 iST15] U 0 el
Tata 3% vgusl slanls 520l daga o Salll G s Aol odn (3.8 Lwlis Dliall oigh
0 £2b pll JYI (Al me Motors

Tata Motors oy gl

el Sl DLy de sazes L35 J] b (Tata Motors 8,5 wgel bl 3201 Lagad
gLt 53 e Lo g1 Hlan DLy e gazes ool 320 (U Tata Motors &5,

0Ll 5 sl ol glasll
-Yahoo Finance s,y o3 .1
(Tata Motors &, (4 ) TTM ;T Tata Motors ;& Eoul .2
EIEPIEL FEO P Y PO
."download" &5 &l Ll s .4
S g 03] ol GOVl ol S dl Al BCSV Cile (5 2mn ol shasull o
052U pasealy JYI WLl s Tata MOCOTS s pmaw 1355 g S5 8051
UL 64J olaa wb Tata Motors 64 b oauwi jlewb gl

ie gazen s O ol LSl 5|l G b e Tata Motors 85wl Sl 52201 dogo T
1031 LI

import numpy as np

import pandas as pd

import plotly.graph objects as go
data = pd.read csv ("TTM.csv")
print (data.head())
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Date Open High Low Close Adj Close Volume

@ 282e-1e-22 9.8 9.14 5.3 9.12 9.12 1ledscee
1 2082e-10-23 9.380 9.34 9.16 9.32 9.32 11587ee
2 2082e-1e-26 9.3 9.88 B8.89 9.06 9.86 2141%@8
3 2@82e-1e-27 9.15 9.58 9.15 9.48 9.48 1552980
4 2028-10-28 5.2 9.84 B8.80 B.85 8.85 2483900

AU 3L Al 8550 e Jgamd] g1 bl Blelis 1 guas o5 0V Loy
:‘Tata Motors & . (’*‘j Sl

figure = go.Figure (data=[go.Candlestick (x=data["Date”],
open=data["Open"],
high=data["High"],
low=data["Low"],
close=data["Close"])])
figure.update layout(title = "Tata Motors Stock Price
Analysis", xaxis rangeslider visible=False)
figure.show ()

Tata Motors Stock Price Analysis

Nov 2020 Jan 2021 Mar 2021 May 2021 Jul 2021 Sep 2021

toda SULII de gazes Sl5as o (correlation) bLiYI e s ks ik oY1 Les

print (data.corr())

Open High Low Close Adj Close Volume
Open 1.080000 ©.998775 ©.9992783 ©.998843 9.998843 ©.106946
High ©.998775 1.000000 ©.998695 @.999452 0.999452 ©.132946
Low ©.999278 ©.998695 1.000000 @.998787 ©.998787 ©.10@552
Close ©.998043 0.999452 ©.998787 1.000000 1.000000 ©.127651
Adj Close ©.998043 @.999452 ©.998787 1.000000 1.00000@ ©.127651
Volume ©.1e6946 ©.132946 ©.100552 @.127651 ©.127651 1.0008080

autots 45 La r.b‘cwftﬂ .Tata Motors &, WT)LML 5ol dage J) Jozs oVites
pses o) 13 Eeslall dwesdl oL Tata Motors &5, agul sland slie o0 S
pip oY1 el 8 s LS SSogd ¢ J3 oy ada 0 il 4o5o

pip install autots
:Tata Motors &, V.@MT)LM:T &5 SSas e S L L oYl
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from autots import AutoTS

model = AutoTS (forecast length=5, frequency='infer',
ensemble='simple')

model = model.fit (data, date col='Date', value col='Close',
id col=None)

prediction = model.predict()

forecast = prediction.forecast
print (forecast)

Close
2021-10-22 34.060566
2021-10-25 34.525269
2021-10-26 34.955687
2021-10-27 35.478639
2021-10-28 35.858695

Tata &3 vgor i 5301 Loged Y1 ol plisend Ly iy () 38 lall o2 o
.Motors

uai Lol

JM> s Tata Motors S5 WTJWT B8 W e Sy AN dn k1 a el
52 18 055 U (g g (3 plozaly Tata Motors 3,5 Jas . Y1 el
Bl oda ot 45 585 O ol . Tata Motors 3,4 agul sland Jdowd <35 Juail
0L plisels g“fY\ (x| xs Tata Motors &, V-G*NT)L’WL sezdl J g
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JUI el plaaiwl anl (ol hludl §iil (25
Health Insurance Premium Prediction with

Machine Learning

e L)l Sl Jas el e ¢ s» (Health Insurance) )l el
e B s 13y s (5 LS o e ol Read e Joam U] st
LSy S 8 e oy 5 ST 15] U . sl el a3 5o 1 sl gl o 280 Slia
Wl oda 3l dnlis D) 0lgh o el el lany 522 JYI ] el

0 el Y el e el el BLLSL 520l Rege IS S35 G s

canll golll hluwdl §uiul

S Jolsall o al) 555 S Y Gt e el el i g L s ey
Lo JS Ui LW L5, Jo Ll ol 0 o 2] ) sl i Lo el
LA Bl GISCe &5 el LS 2 0 ¢ Iy L ST sl B5lae 5 S
(LA Blae &le LUl by Il L SV ol o Good! oo Lia

ol ol . el il Jand e 355 01 (o 3V ol gl o ol Bl ol Jio Gl
o)) G el el Band o 2 STy el pell] ale 0V g 5 055
el JYI el plisenly  penall el LS 520l doge O SU5T G g o]
L
ueU plaaily ;andl grolill hluwdl gl
Kaggle ;o peall eold) LG 5l daged Lpadsunad Al UL e pazs o o2
i bl e g pom

.(the age of the person) el ee .1

.(gender of the person) _esi)l o> .2

.(Body Mass Index of the person) jesill puadl dLS” 25

how many children the person is ) jesddl sgaey pdll JLbYI sue oS
.(having

.(whether the person smokes or not) ¥ (’T P el OIS ¢l s

.(the region where the person lives) jesidl lebd i I ddlad


https://www.kaggle.com/shivadumnawar/health-insurance-dataset/download

&lioll Gy or Dl plcig bl fode 128

((the charges of the insurance premium) ;e Jaus ess 7

ogall odg) Lrbios 201 &g pall o3 gl oleSo s UL e gomen 55 5 U ge3 SUA

import numpy as np
import pandas as pd
data = pd.read csv("Health insurance.csv")

data.head ()
age sex bmi children smoker region charges
-] 19 female 27.90@ (-] yes southwest 16884.9240@
1 18 male 33.77@ 1 no southeast  1725.5523@
2 28 male 33.000 3 no southeast  4449.45200
3 33 male 22.7@5 e no northwest 21984.47861
4 32 male 28.83@ ] ne northwest  3866.85520
& . - . . - .o e . Z -~ p .
o2 Sl e 5o eda SULI Ao pazee CIETB) Lo o 5,00 AL Les (oS 2ol 3

I\g ci aﬁi}Lé
data.isnull () .sum()

age
sex

bmi
children
smoker

region

o ® © 0 ©® ©@ O®

charges

dtype: inté4

edn e SV SlelVl e Jguamell sy plsead 358l UL e pazes 06 U

Nl oty Gasesdl 0S5 e J) ot Ul (smoker) o3dedl 3 gos oY (UL

Blod ds,e ST 080 3 gl Gasetdl OY ads SULJ! s sazend dage 3300 ol

ol ol 5 e 3 Gl L Y (Ul el &)l § S Lo JS Ly
055 Y pdlly o g

import plotly.express as px

data = data

figure = px.histogram(data, x = "sex", color = "smoker",
title= "Number of Smokers")

figure.show()

Number of Smokers
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el o055 S3 159 (1 1155 55k Y 3517 (51547 dhel o I
il (@350 od izl GBI IV el 23500 s 1T Sl eds plasend
e Uds o3 e Ol s (03 5aall IS0V 15 02 (smoker) o5-dalls (Sex)

data["sex"] = data["sex"].map({"female": 0, "male": 1})
data["smoker"] = data["smoker"].map({"no": 0, "yes": 1})
print (data.head())

age sex bmi children smoker region charges
8 19 e 27.9ee -] 1 southwest 16884.92400
1 18 1 33.77e 1 @ southeast 1725.55230
2 28 1 33.e00 3 @ southeast 4449.46200
3 33 1 22.7e5 -} @ northwest 21984.47@61
4 32 1 28.880 L] @ northwest 3866.85520

L o I (distribution of the regions) Gblall 5 e &k 2l oYl Les
r UL e pozead Giby ol

import plotly.express as px

pie = data["region"].value counts ()

regions = pie.index

population = pie.values

fig = px.pie(data, values=population, names=regions)
fig.show ()

southeast
southwest
northwest
northeast

toda SULII de gazes Sl5as o (correlation) bLiYI e s ks ik oY1 Les

age sex bmi children smoker charges
age 1.000000 -0.020856 ©.109272 ©.042469 -9.925019 @.29%008
sex -2.920856 1.900000 ©.046371 ©.017163 ©.876185 @.857292
bmi ©.189272 ©.046371 1.000000 ©.812759 0.8037580 ©0.198341

children ©.842469 ©.217163 ©.012759 1.000000 ©.087673 @.867998
smoker -8.025019 ©.876185 ©.003750 ©.007673 1.0€0000 @.787251
charges ©.299008 @.8572952 ©.198341 ©.067998 ©.787251 1.ee00eo

canll gl bluwdl §4iUl g3g.oJ
el VT el el BLLL 5l dagad SV ol 23 508 oyt ) Jis 0¥ L
)L&:-b (VPR QLGM J! C)L;l:.\.”
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X np.array(data[["age", "sex", "bmi", "smoker"]])
y = np.array(data["charges"])

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 ) &5l sl L) &l s ( JYI Whatl) Rilides Sl 15 pldseinl da
ey 2350l oy La ol G degodl odgd ool Lol JuaslS™ (forest
oD 51 sl LI Ls ) 45

from sklearn.ensemble import RandomForestRegressor
forest = RandomForestRegressor()
forest.fit (xtrain, ytrain)

RandemForestRegressor(bootstrap=True, ccp_alpha=0.9, criterion='mse',
max_depth=None, max_features='auto', max_leaf_nodes=None,
max_samples=None, min_impurity_decrease=8.0,
min_impurity_split=None, min_samples_leaf=1,
min_samples_split=2, min_weight_fraction_leaf=0.0,
n_estimators=108, n_jobs=None, oob_score=False,

random_state=None, verbose=8, warm_start=False)

izl (predicted values) a8 sl ol Jo 515 4l oY e

ypred = forest.predict (xtest)
data = pd.DataFrame (data={"Predicted Premium Amount": ypred})
print (data.head())

Predicted Premium Amount
11331.111753
5366.132261
2B8257.285836
9793.356425
34720.284296

B oOwW R B ®

el el LD 5ol daged JYN ol 3 500 o5 Ly Sy 1 i ol 2 ella

Ol el

uoi‘l.l.o.”

55 Jolsall o ol O G 2V Gasd e el sl By S s denay
DLl i35 o liedl odin ol 28 055 0 ol el (bl a5 a3 s o
05k plel JYI ] plasenly el el
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JU pdcdl pladailwl o)l 2acs §ull (26
Number of Orders Prediction with Machine

Learning
g4l b el (Predicting the number of orders) Sl sux 5ol A
OB (U Lgzmie G s (oI le ko 001 L 0 Sy A1 bt Yl
13 laall e 2Ll IS, 20 UL oo plasen dogs Bl 5a Ll skay 521
Gl Llis D) 0dgh (Ul sy ol) JYI ) plaben) LAS8 me 5 S
el JYI el pltsenly LIl sy 520l doge o Salbl G g Dliall o

%

b

il aacy guidl

iy @il e el 3,00 LS 06 o Ll s 5ol Jo 5 oS 1]
agall oda G B8 Ll 2l Sl sds Jpm el Sy e sl
Kaggle ;s Lraz o5 Al (supplements) &310a)1 @Sl olane ULy r.»‘r:w‘b
1 Sy e g0 Ul san 3l deged Latsenla 1 UL

.(Product ID) CMJ\ EYPOR |
.(Store ID) oedl G a2

The type of store where the) 4 JoSoJl xy o5 Gl 2l 5 .3

.(supplement was sold

The type oflocation the order was ) 4 Cllall pdewl o5 gl S350l g 5 .4

.(received from
.(Sales Date) <l &=t 5
.(Region code) dakaall 50, .6

Whether it is a public holiday or) bl w35 Y (aT Lle e oS elgw 7

.(not at the time of order

Whether the product was on) Y VT gt e riall OIS sl 8

.(discount or not
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.(Number of orders placed) asazedl wllbll sue .9
.(Sales) wleadl 110

Lpatsenla I UL e pozen s USiadl J g ke 3,05 o 0V o 28 0555 0
bl el LUl suny 520 e IS S05T G5 g colisl ol G0Y1 . AS2RT Jod
052 Bea B plasealy JYI

woLU laaiwl ol aacy gl
103 LU Ao gazea s 50l LS sl ok e ] sim 5l dage T

import pandas as pd

import numpy as np

data =

pd.read csv("https://raw.githubusercontent.com/amankharwal/Web
site-data/master/supplement.csv")

data.head()
ID Store_id Store_Type ... Discount #Order Sales
@ Tleeeael 1 S1 ... Yes 9 7e11.84
1 Tileeeea2 253 s4 ... Yes 6@ 51789.12
2 Tleoeee3 252 s3 ... Yes 42 36868.20
3 Tleeeeed 251 52 ... Yes 23 19715.16
4 Tleeeees 250 s2 ... Yes 62 45614.52

[5 rows x 1@ columns]
e goren g 55 8 pnod odn SULII A gores cyo By 5l SISOV amy e 3085 2 01 Lo
s Jord Sl bl
data.info()

<class 'pandas.core.frame.DataFrame'>
RangeIndex: 18834@ entries, ® to 188339

Data columns (total 10 columns):

# Column Non-Null Count Dtype
(-] ID 188348 non-null object
1 Store_id 188348 non-null int64
2  Store_Type 188348 non-null object
3 Location_Type 188348 non-null object
4 Region_Code 188348 non-null object
5 Date 188340 non-null object
6 Holiday 188348 non-null int64
7 Discount 188340 non-null object
8  #Order 18834@ non-null inté4
9 Sales 188342 non-null floaté4

dtypes: float64(1l), int64(3), object(6)
memory usage: 14.4+ MB

data.isnull () .sum()
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ID

Store_id

Store_Type

Location_Type

Region_Code

Date
Holiday

Discount

#0rder

Sales

dtype: inté4

data.describe ()

count
mean
std
min
25%
Sex
75%

o ® 0O O ® 0O @ O ® @

Store_id

188348.

183.
185

92.
183
274.
365

ooeees
oooeee

.366388
.eeoeee

eooeae

.Gooeee

eeooae

.eeoeee

188348,

H O 0 0 0 © @

Holiday
220000
131783
338256
222000
222000
220000
228000
222000

188348.
68.
3e.

a.
48,
63.
82.

371.

#0rder
‘2e0000
205692
467415
‘oee000
‘oee000
2o0000
200000
‘oee000

Sales

188340. 008000
42784,327982
18456.708302
©.008000
30426. 008000
39678. 000000
51909.0200000
247215. 008000

) Jalall e G mnl) adn UL e pome po degodl Sl ool Lan CiiSind oY Lo

import plotly.express as px
data["Store Type"].value counts()
= pie.index

= pie.values

pie =
store
orders

fig =
fig.sh

px.pie(data,

ow ()

values=orders,

WS olb sue Je S5

names=store)

e 5 Al oV bes .zl 5 n Redindl S 5o 5 oMl IS8 s

pie2 =
locati
orders

(@5l e Ul sae a5 8

data["Location Type"].value counts ()
pie2.index
= pie2.values

on =
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fig = px.pie(data, values=orders, names=location)
fig.show ()

EEEEN
WL R

s e 5l i oY1 e g pal) G5 Aedall SLIIT e s 5 oVl S8 e
:M;'EU@)‘QLALJ\:.LG

pie3 = data["Discount"].value counts ()
discount = pie3.index
orders = pie3.values

fig = px.pie(data, values=orders, names=discount)
fig.show ()

W No
W ves

Lgrhe mas e (S5 o 151 L3I Sl 03 2ty ol pdans 15 Y eodlel 30 G
rollall sae e edlaal 30 2as Lo st ab oVl Les
pied4 = data["Holiday"].value counts ()

holiday = pied.index
orders = pied.values

fig = px.pie(data, values=orders, names=holiday)
fig.show ()
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ol o LT BESM oSl ol pana (g iy oSl (3,00 G
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data["Discount"] = data["Discount"].map ({"No": 0, "Yes": 1})
data["Store Type"] = data["Store Type"].map({"S1": 1, "S2": 2,
"S3": 3, "S4": 4})

data["Location Type"] = data["Location Type"].map ({"L1": 1,
"L2": 2, "L3": 3, "L4": 4, "L5": 5})

data.dropna ()

x = np.array(data[["Store Type", "Location Type", "Holiday",
"Discount"]])
y = np.array(data["#Order"])

720 5o i sazns 780 )5 e gorms JI UL o Les Y

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

Y
test size=0.2, random state=42)

light gradient boosting ) <iasdl zydeld Jpmall HlussVI L)l Ry rb&wt&
i35 il (regression

# Use pip install lightgbm to install it on your system
import lightgbm as 1tb

model = 1tb.LGBMRegressor ()

model.fit (xtrain, ytrain)

LGBMRegressor(boosting_type='gbhdt', class_weight=None, colsample_bytree=1.@,
importance_type='split', learning_rate=8.1, max_depth=-1,
min_child_samples=28, min_child_weight=0.881, min_split_gain=0.9,
n_estimators=10@, n_jobs=-1, num_leaves=31, objective=None,
random_state=None, reg_alpha=0.@, reg_lambda=0.0, silent=True,

subsample=1.8, subsample_for_bin=208008, subsample_freq=@)

‘(predicted values) &xd sl o 2l o 5,15 2L Les oy
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ypred = model.predict (xtest)
data = pd.DataFrame (data={"Predicted Orders": ypred.flatten(})
print (data.head())

Predicted Orders

e 47.351897
1 97.868717
2 66.577788
3 85.143083
4 54.451898
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Apple JUI pdcil o Apple o jeuy §uiil (27
Stock Price Prediction with Machine Learning
iPhone 13 3| Jo clis Com paiw Sl dese e sl Apple 8,4 colsl
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130 S I ol sy g1 s 30001 Loy 63 Y el Al ol e
flio Dall 0dg « JYI (il plasenly Apple gl slanl 50l L2886 a0 4y 5 S
ey JYI Ll o Apple g sl 135 dogo e Salll G5 gor Al odn 3.2l
b

Apple o yeuny gl

¢ S Apple i g dhaidl ORPRN W | eotene JApDPle Sd> U
Axtion Ll T3S0 el S ot oo IO il IS5 iPhODE 3542 GO
e G s Bt ool (o dydald Sy VA oz 14 343401 iPhone 13 G
BB S gty 85,3 b B30 IS 36V (Apple gl #1280 10 3 108 5y O
Jelod w35 Juasl a1 0] S5l LSy lae W B3 3T s Lgogor s 53130 3555
.Apple V.@MT)L,WT

el Sl ULy e pazes 35 J) drlow <36 (Apple pgar a5l Reged 2l
10l 8 ySThdl ol shasdl w5 gl o) DLy de gora L3d . Apple

-Yahoo Finance s, o3 .1

-(Apple vgw )) AAPL S Apple e Goul .2
A UL G 81 5.3

" download" 355 &l Llgdl 5y .4

S g o3l ol GOVl ol 5ol Mas GCSV ie (5 7w ol shasndl o
0k el JYI dall plisealy Apple vgos a3 5 doge o Slallel

UGLU plsuly Apple age Jouity Guidl

SUL) de gores b OS5zl Goib e Apple pged slanls 52l Lage T
140y DI

import numpy as np


https://query1.finance.yahoo.com/v7/finance/download/AAPL?period1=1599565949&period2=1631101949&interval=1d&events=history&includeAdjustedClose=true
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import pandas as pd

import plotly.graph objects as go
data = pd.read csv ("AAPL.csv")
print (data.head())

Date Open High ... Close Adj Close Volume
© 2020-09-08 113.949997 118.989998 ... 112.820€00 112.898999 231366600
1 2020-09-09 117.260002 119.139999 ... 117.320€0@0 116.570236 176948500
2 2020-09-10 120.368001 128.500000 ... 113.489898 112.764717 182274480
3 2020-095-11 114.576800 115.230003 ... 112.000000 111.284241 180860380
4 2020-09-14 114.72e001 115.930000 ... 115.360001 114.622765 140158100

[5 rows x 7 columns]

Sl [olassl5 8303 dmdls 5 g0 e Jsaaeld ol W‘\mebug Jeses Les oY)
:Apple gl
figure = go.Figure (data=[go.Candlestick (x=data["Date"],
open=data["Open"],
high=data["High"],
low=data["Low"],
close=data["Close"])])
figure.update layout(title = "Apple Stock Price Analysis",

xaxis rangeslider visible=False)
figure.show ()

Apple Stock Price Analysis
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Nov 2020 Jan 2021 Mar 2021 May 2021 Jul 2021 Sep 2021

toda UL &e sazes Gliall oy (correlation) bLo,VI e s ks ks oV Les

print (data.corr())

Open High Low Close Adj Close Volume
Open 1.00000@ ©.994551 ©.993183 ©.986214 ©.986177 -0.466464
High ©.994551 1.000000 0.9952951 ©.993586 0.993307 -0.440943
Low ©.993183 ©.992951 1.200000 ©.993915 ©.994187 -0.517453
Close ©.986214 ©.993586 0.993915 1.800000 ©.999899 -0.489536
Adj Close ©.986177 ©.993387 ©.994187 ©.999899 1.000000 -9.493909
Volume -0.466464 -0.440943 -0.517453 -0.489536 -0.493%09 1.000000
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05l Qautots 4555 L 645&»1» .Apple ("G"j Dbl 3l dage I s oY1 Les
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pip install autots

tApple 8,3 gl sland (35 LSy S b Lad OV

from autots import AutoTS

model = AutoTS (forecast length=5, frequency='infer',
ensemble='simple')

model = model.fit (data, date col='Date',6 value col='Close',
id col=None)

prediction = model.predict ()

forecast = prediction.forecast

print (forecast)

Close
2021-09-88 157.595008
2021-09-89 158.491248
2021-09-10 157.846256
2021-09-13 158.758755
2021-09-14 159.934376
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News Classification éJII fodci go JuAll w@iiini (28
with 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/Web
site-data/master/bbc-news-data.csv", sep='\t')

print (data.head())

category ... content
@ business ... Quarterly profits at US media giant Timelarne...
1l 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]

326 o3 (gl e (g0 e UL de pore SIS Lo e day 5,000 AL Les (oY)

data.isnull () .sum()

category -]
filename ]
title -]
content e

dtype: int64
Al 550e Goda SULII desaree (0 Lpiias J] s A (labels) @l a5
S ks G (s e 8,k A Les (UL sdg (category column)

data["category"].value counts()

sport 511
business 518
politics 417
tech 4el
entertainment 386

Name: category, dtype: int64
Jua Dl @rini gigo)
DLV a3 503 s daged SULII g 01 Les
data = data[["title", "category"]]

X = np.array(data["title"])
y = np.array(data["category"])

cv = CountVectorizer ()
X = cv.fit transform(x)
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X train, X test, y train, y test = train test split(X, vy,
test size=0.33, random state=42)

:)Lri-tY\ —al.as C.S}A.', o) Multinomial Naive Bayes 4w}l s> oV r.b‘;wiw

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

D Gheadlines) & ) usbiall dot o 23 50dl 1a Jos £aS7 1250 Les (3

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']
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Car Price JUI pdcil go 6Ll jlewls §uil (29

Prediction with Machine Learning
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import numpy as np
import pandas as pd


https://raw.githubusercontent.com/amankharwal/Website-data/master/CarPrice.csv
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import matplotlib.pyplot as plt

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 16500.08
2 3 1 alfa-romero Quadrifoglio ... 19 26 16500.0
& 4 2 audi 100 1ls ... 24 30 13950.0
4 5 2! audi 1eels ... 18 22 17450.9

[5 rows x 26 columns]

e gozee SI3] Low Gamell D gl cyn G wodin SULI e paren (315 508 26 dr sy

bdd 2l 3 Y g‘T (null values) &, o e 5o 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

price

dtype: intea
DSV Gan e 805 0V Gllb 2,6 (8 (o e odn ULl e sars g 505 Y U
leme Jalas 1 S g 5 e 8,55 e J pamell (6 5V dogoll
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data.info()

RangeIndex: 205 entries, @ to 204

Data columns (total 26 columns):

#

W W N O B W N RO

NORONRNRN R B KB KB B R KRB BB
P w N R ® W RO NN R WNHE O

25

Column

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

price

Non-Null Count
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non=-null
non-null
non-null
non-null
non-null
non=-null
non-null
non-null
non-null
non=-null
non-null
non-null
non-null

285 non-null

Dtype

object
object
object
object
object
object
object
floatéd
floated
float64d
floatesd
int64
object
object
int64
object
floatéd
floated
floated
inted4
inted4
int64
inted
floatéd

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

memory usage:

41.8+ KB

print (data.describe ())

count

mean

car_ID symboling wheelbase ...
205. 205, 205,
103.000000 @.834146  98.756585 ...
59.322565 1.245387 6.821776 ...
1.000000 -2.000000 86.600000 ...
52.000000 @.000000 94.5@e000 ...
le3. 1. 97.
154.000000 2.000000 182.400000 ...
285. 3. 12e.

[8 rows x 16 columns]

data.CarName.unique ()

array(['alfa-romero giulia',

'alfa-romere Quadrifoglio®,

"audi 16@ 1s°',

citympg highwaympg price
205, 205, 205,
25,219512 3@.75122@ 13276.718571
6.542142 6.886443 7988.852332
13. 16. 5118.
19. 25. 7788.
24, 30. 10295,
3. 34, le5@3,
49 .000000 54.eeeeee 45400.eee088

"alfa-romero stelvio',

'audi leels’,

'audi fox', 'audi 500@', 'audi 40@@', 'audi 508@s (diesel)’,

"bmw 320i°,

‘chevrolet impala’'.

"bmw x1',

"bmw x3',

"bmw z4',

'chevrolet monte carlo’.

"bmw x4',

"bmw x5',

‘chevrolet vega 23€0°.
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'dodge rampage', 'dodge challenger se', 'dodge d2@e',

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

'dodge coronet custom (sw)', 'honda civic', "honda civic cvcc',
'"honda accord cvecc', 'honda accord 1lx", 'honda civic 1500 gl',
'honda accord', 'honda civic 1388', 'honda prelude’,

'honda civic (auto)', "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 nv200', 'nissan dayz',
‘nissan fuga', 'nissan otti', 'nissan teana', 'nissan kicks',
'peugeot 504', 'peugeot 304', 'peugeot 504 (sw)', 'peugeot 684sl',
'peugeot 585s 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%9e°',
'saab 991e', '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 1280', '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 14dea', 'volve 244dl', 'volvo 245',
'volvo 264gl', 'volvo diesel', 'volvo 246'], dtypesobject)

B I gbos Gl s penll s odn SULI e gors (§oandl 3508 0550 01 S5 2l oo
| 5)*";':5@5)36J‘3 Uges aad

sns.set_style("whitegrid")

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

sns.distplot (data.price)
plt.show ()
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aoone P

o008 =
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000004
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000000

e
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car_ID symboling ... highwaympg price
car_ID l.000000 -0.151621 ... @.011255 -@.1e9e393
symboling -9.151621 1.0€0000 ... ©.034606 -0.979978
wheelbase ©.129729 -0.531954 ... -8.544082 @.577816
carlength @.17e636 -0.357612 ... -8.784662 ©.682920
carwidth ©.e52387 -0.232919 ... -8.677218 @.759325
carheight ©.255960 -0.541838 ... -8.187358 ©.119336
curbweight ©.871962 -0.227691 ... -8.797465 @.8353@5
enginesize -9.83393@ -0.105790 ... -@.67747@ @.874145
boreratio ©.260064 -0.130051 ... -8.587@012 @.553173
stroke -9.166824 -9.808735 ... -8.843931 @.879443
compressionratio ©.156276 -©.178515 ... ©.265201 @.067984
horsepower -9.0815006 ©.878873 ... -8.778544 @.8@8139
peakrpm -9.203789 ©.273606 ... -©.854275 -@.885267
citympg ©.015940 -0.835823 ... @.971337 -0.685751
highwaympg ©.011255 ©.834606 ... 1.000000 -2.697599
price -9.109093 -0.979978 ... -8.697599 1.000000

[16 rows x 16 columns]

%0

Pbobp b priyge
B

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



alioll @i e ;61 pdcig bl ode 148

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

plt.show ()

6l yeuny guiddl @ 3g-0J Ly A
Syl s 5l CS)A.’, o kd decision tree a6 ol Hldesl L0l 4> f.xsa,JL.»
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predict = "price"

data = data[["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(data[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)
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Spam Detection with Machine Learning
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e diad) pa dall e 55 O Sl sl ol Sl e dodall Sy S oSl

woil plaa il (lgdiell 2y pul GLILAI

T390 s LS OV (51 (g osb el e il Il SLasSt pa Lo 0V s o ol
oda Tole 0l el Lgd Cpd el 2 il )l Slgs Slasst e Y1 ol
odgd Lezbod ol QUL e pamns &y 20l 0k SLeSG sl Gk (o dege]!
tdagal!

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()



8ol §upn ¢pc @D pdcig blul rade 150

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 O o)l b5l s message dlu Jly class &l coda UL e gazes 1o
byes G lgd 58 50dl b oIl GLaST e SV dacll 23 50 g pted Lo
data = data[["class", "message"]]
;515« C.b‘}a.\j‘ oy )L:o-b VPRY CJL:«M Jl oda CJL:L:J\ Q.PM ('.m.a_’ OVl 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’]

uaAloll

SIS I3 L BT dage e JYI Gl 23 500 s Ly SESay 1 Eig el a o
Led el b Bl )l CalS ity N ol e by Dl 5l 280 A Dl
S oy il 5 s o IS o 5 2SN 1 sy S 31l 0 oL
OF JaT sl 2l D gl 5 2SOY1 o 1 il ST ol S plnt] s Lo
ol plasenaly Sptall dyd Sles e oS dage I Dl e ol 05 0S5
05 plseals JYI
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Student Grades Prediction with Machine Learning
Dsbasm ¥ oY s Sy G B yres Sl e ol dry (Ll Ll b
LeSay - oslhedl Gl oliky (U1 el &)le Wl wdacdl Sy 38 o3 e
Ol e lns (0 & gow el Koy o Ul ol 52l g JYI ol plasend
O g Al sdn 3.l Ml Sl 2lassl w5 05 Al Sl s poll sl e

05U sl JYI el plasenaly Ol Sl sy 50l g o Slalb]

Wil alayay gLl

L5 ) oy I shie S0 W el 1 5 g0 B 58 50 10 ST Slaslonll
oo S I G o OOl 4 g we ! D] (55ley Y sl sl
Ao ko ol Ol SEI5Y ol plazal s3] 2y o 131 69 palasdl oy plazaYl
sl (saodl e Bogodl ol Eablall qgillon Lo I3 055 A i Sy

r 55 o ORI ool B (e 5l Sy (JU el lal el
OB Sl 15 oty i 0l 0585 Ol W sedl o Ul Ol Be L
Sl 5l dage IS DI G g ol ) 3. SV ] Gyl Ao e

0k plbel JYI el plasealy SO

w9l 6J plaAaiwl wlall cula jay gl
LiSay a8 (65 oY e LIl ol 5ml) Lzl s OV Cagh 5 03585 O ol
o dagedl oda Tlu L0 b plaseialy OVl Sl s 520l doged JVI ol plasend
ZR»})U\;LAS%J\aﬁJ%uﬁJJ QJﬁgg CJK&S& Jbghw‘dgjh
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 U=g) 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

8ol g pn e @I podeig bl pode 152

b Slilewl JI oMl Sl 3l deged Lpatsend ) SULIL e gores Lo
G2 Jroos o sV a2l Slays G oy codin DL o gazes B.8IG0 1 o ylkall
S (55 Lens UL ez Les V1L ASLE) Syl G3 Jress (ol 3 )l ol

r MLl A5l Syl 1 5 LiSeas
data = datal["G1", "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 21 25,001 sdas Yl dodoess Yol el s S

oo 3 L) Bograll Ll 52 G35 500 O kel (5 LMl ol sy 3201 doged

T35 el S (55 0V s T80 fniy o5 20 iy 5Ll JI UL e gores
il Sl 30l dagad linear regression asl <!

linear regression = LinearRegression ()

linear regression.fit (xtrain, ytrain)

accuracy = linear regression.score(xtest, ytest)
print (accuracy)

©.8432876775479776

A es OV dagall odn Jls o] 25 784 Jls 885 asdl Jlou ¥ 23 e ae]
PO Sl 5l 3 500 Lgodd ) olpdl 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 14.08532841 9.13993948 4.71694746]

[ 4.71694746 11.92149651 3.9451298  9.13993948 9.13993948]

[12.56424351 4.92497623 3.9451298  5.28096434 5.28096434]

[11.92149651 9.85247158 3.9451298  5.28096434 16.16395534]] [[[15 16 2 @ 2]
[1514 2 @ 2]

[15 14 3 @8 &]

[7 & 2 o18]

[1514 2 @ 2]]....

WA loll

Ol Sl s 525 dagad a3l JUos V) 23505 s Ly Sy I 2 )l p o
codn SULII e goores plisealy 283U pLAI SeSay .00 el ST plasenly
L e e SULII e gazes J s AT Sl shaall e 5 gl Sy



https://archive.ics.uci.edu/ml/datasets/Student+Performance
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Tesla JUI rodcil go Tesla paw jouy gl (32
Stock Price Prediction with Machine Learning

U3 el BU o Il JUil o J) S Slylld £ 01 32 2 Tesla
5l Wl st 2T Elon Musk Jax (Tesla gl slaad ¢ L)) 00 206 oL
doge JN SUT O gon Hiall i G ¢ JYI (acl) 23l pltsl Bl g1l
0l el Y (i e Tesla pgol Jlad 235

Il pdeil go Tesla oo yeuy guidll

LI oSl el e ST IV el 251 pltsd Dl g Sl 520l ey
OMLII oo kel s S s o 01 b 5 20 W G e G Teesla 387 el
ol el N eS0T G5 g Dl o GV Tesla &3, Wl ool e 3
"Tesla pgos ey 3220l dagod Facebook Prophet z3 sob plisenal 2487 J 5>

desores Joyod -yahoo finance a3 oo La (PYREEININ S bl e gazes L35 05
S TSLA ¢ Eowly yahoo finance B k) o hle b wda SLLYI
10031 8y goall Jprd g0 g2 LoS 5 ) 551l

Tesla, Inc. (TSLA) ¢ Add to watchlist )

NasdaqGS - NasdaqGS Real Time Price. Currency in USD

618.71 -21.68(-3.39%)

At close: 4:00PM EDT

Summary  Chart Conversations  Statistics  Historicaldata  Profile  Financials  Analysis  Options  Holders  Sustainability

Time period: 27-Mar-2020 - 27-Mar-2021 « Show: Historical prices v Frequency: Daily v m

urrency in USD ok, Download

s SULI e gz (L35 s - 255 B8 R o Bl Sl G5 il s s
S“TSLA.csv”

uol déJ olaaiwl Tesla oaw yey §uiill

S slasdl L3k & gy Tesla gl Hland Lie )l UL L5y cond 5 0555 0f ]
Sl ol Tesla gl Sl (35 22855 0V Lo oMl ol (5, STl
03 UL e azen s ol LeSa sl b Tl L0 il plasenly



import numpy as np

import pandas as pd

import matplotlib.pyplot as plt
from fbprophet import Prophet

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

Date Open High Low Close Adj Close Volume
0 2020-03-27 101.000000 105.160004 98.806000 102.872002 102.872002 71887000
1 2020-03-30 102.052002 103.330002 98.246002 100.426003 100.426003 59990500
2020-03-31 100.250000 108.592003 99.400002 104.800003 104.800003 88857500
2020-04-01 100.800003 102.790001 95.019997 96.311996  96.311996 66766000

A ON

2020-04-02 96.206001 98.851997 89.279999 90.893997  90.893997 99292000

Sl Jro U5 UL de sazes 3" Close” GMEYI 5500 50 Les (Lol L2l 13

close = data['Close']

ax = close.plot(title='Tesla')
ax.set xlabel ('Date')

ax.set ylabel ('Close')
plt.show ()

Tesla

900 A

800 1

700 1

£00 1

500 1

Close

400 1

300 A

200 1

100 4

T T
0 50 100 150 200 250
Date

ol sl ridj\il‘(éﬁkéngégjbﬂ)oJA SUL e gamen o (o3 goe J] L Gf1>é
s s gl ol ol UL

data["Date"] = pd.to datetime (data["Date"],
infer datetime format=True)
data = data[["Date", "Close"]]

il s Tesla (..@..j)bwi.g 322U La Facebook prophet g3 5o p s LY ks

eV Lo 33Le] |

data = data.rename (columns={"Date" : "ds", "Close" : "y" })
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Sl L Gyes oY1 (Facebook prophet T35 UL de pozms slasls Lad KRy
:Tesla (..@MT

model = Prophet ()

model.fit (data)

predict = model.make future dataframe (periods=365)

forcast = model.predict (predict)

forcast[["ds", "yhat", "yhat lower", "yhat_upper"}].tail()

ds yhat yhat_lower yhat_upper
612 2022-03-22 131.630090 -585.268250 931.611531
613 2022-03-23 129.584278 -583.545636 935.285420
614 2022-03-24 127.202999 -593.418911 930.525966
615 2022-03-25 125.492270 -601.302243 924.233573

616 2022-03-26 134.506307 -595.884292 930.702026

graph = model.plot (forcast, xlabel="Date", ylabel="Price")

1000

800

600

Price

-200

-400

-600

2020.03 2020.06 2020.09 2020-12 2021.03 202106 2021.08 202112 2022.03
Date

wuaaloldl

Jos s 55 5L o 13 o il bkl Jaisein Tesla gl Sland 0F 5t
L3S hld) s Uil ol Y1 18,201 0 Blas 1a 0550 &6 gl
550 dage > Dliedl o ol 05 0555 OF ol Tesla o &l 0 jaiscs auw
0 el SV el o Tesla gl bl
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Click-Through Rate Prediction with Machine

Learning
R ool (o (ol By 2SI (ppociinall 3.5 D gl oy (A53e] WS (6T
T390 o BiS o Salbl G D ads B Bgnedl SN g O

L”f)l\ ol plasenl (click-through rate prediction) &)l ddass 5220 dogal
b plly

Ul rodeil go 36Ul Jacos §uiill gagol

oo el etaeadl o S SUMe] 3550 5l selall ) RN Al @85 DS (e
AV SN 2,055 oty ol eiratl] oo Wl s (D | gy O e ol
il plozal e Py Ao

e ah o <3 SV e s W Aol Aol Y S| BI85 JSU g hogodl o
By 50 8,8 Bad 3 DU pvienall o) dd ) piinal) Bloid LS
edimally o 2V UMY o 38,20 3 LY &3]

ool el S0 Jtmoy 320l dogad 25 505 3] 248 I SI5T O g colis ol 3
ST BBl (IS Jondl 3058 2 0l S 5Y T g agall a0l platsly Y
-Facebooks Google Jro wUdle] re Jolas &5,2

ugll lad il J8il Jar o §4iil gigol
3l Go b o S hadl plisals s sglll J) a1 Jmay 522l 3 505 oo G0V T
: UL e jazes

import pandas as pd

data = pd.read csv('advertising.csv')
print (data.head())

Daily Time Spent on Site Age ... Timestamp Clicked on Ad
@ 68.95 35 ... 2016-83-27 00:53:11 a
1 80.23 31 ... 2016-84-084 01:39:02 o
2 69.47 26 ... 2016-83-13 20:35:42 a
3 74.15 29 ... 2016-01-16 02:31:19 @
4 68.37 35 ... 2016-86-083 03:36:18 o

[5 rows x 1@ columns]

P UL e pore (3321 023 (T Lol OISTI3] Lo 2 pmed SULIY e 3155 3 oY Les


https://www.kaggle.com/fayomi/advertising/download
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print (data.isnull () .sum())

Daily Time Spent on Site 2]
Age Q
Area Income ]
Daily Internet Usage 2]
Ad Topic Line a
City a
Male a
Country 2]
Timestamp ]
Clicked on Ad a
dtype: inté64

- [ k4 £ “ fes o Z - . .
CJL:L;‘J‘ A gazese &GMY‘ @0 v Jﬁ« ana.; g;:.lu Les (Lud ‘;‘QAJ‘ J.a
print (data.columns)
Index(['Daily Time Spent on Site’', 'Age', 'Area Income’,
'Daily Internet Usage', 'Ad Topic Line', 'City', 'Male', 'Country',

'Timestamp', 'Clicked on Ad'],
dtype="object"')

La o JYI 25500 e & g GBI oo (Sah s DL o 0V Lo
gl ok skl Lan bliuk

x=data.iloc[0:7, :]
x=x.drop (['Ad Topic Line','City'],axis=1)

X

L Daily Time Spent on Site Age Area Income Daily Internet Usage Male
0 6895 35 61833.90 256.08 0
1 8023 3 68441.85 193.77 1
2 6947 26 59785.84 236.50 0
3 7415 29 54806.18 245.89 1
4 68.37 35 73889.99 225.58 0
995 7297 30 71384.57 208.58 1
996 51.30 45 67782.17 134.42 1
997 5163 51 42415.72 120.37 1
998 5555 19 41920.79 187.95 0
999 4501 26 29875.80 178.35 0

1000 rows = 5 columns

y=data.iloc[:,9]
Yy
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] (-]
1 (]
2 (-]
3 (]
4 (-]
995 1
996 1
997 1
998 (-]
999 1

Name: Clicked on Ad, Length: 1800, dtype: int64

SULI e B 370 L pasel lesls o)l Sl sazes J) UL il oY
Sl Bl 3305 oo yhS

from sklearn.model selection import train test split

x train,x test,y train,y test=train test split(x,y,test size=0
.3, random_state=4)

print (x_train.shape)

print (y train.shape)

print (x_test.shape)

print (y test.shape)

(700, 5)
(708, )
(300, 5)
(300,)

gl Jlanill gagod

o5 )N Ees 522l) (logistic regression) e sl o5l 73 500 oY (.,\5.:“‘@
mw ”

from sklearn.linear model import LogisticRegression
Lr=LogisticRegression (C=0.01, random state=0)
Lr.fit(x train,y train)
y_pred=Lr.predict (x_test)
print (y_pred)

[Pee1160610110606110101106111006106006111011
P100101010000110101060011110100060116808
P1110101000010100100100000010000001180
1001110010110611001100000100101100616080
1001001060100606011111011001010001100818
P1010111101160010000000100000111111180
P100011000010100110001101101101111111
10101001000111010101006000100106111601
100 0]
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y_pred proba=Lr.predict proba(x test)
print (y pred proba)
[9.56377730e-01 4.36222698e-02]
[4.57913871e-02 9.542088613e-01]
[9.906680226e-01 9.319773%94e-03]
[4.52921708c-83 9.95470783e-01]
[9.53422807e-01 4.65771934e-02]
[4.93413634e-01 5.06586366e-01]
[9.27749926e-81 7.22509737e-02]
[9.881274@1e-81 1.18725991e-02]
[8.38452014e-01 1.61547986e-01]
[8.36925286e-01 1.63874714e-01]
[9.86069836e-01 1.99301643e-02]
[9.65651589e-81 3.43484110e-02]
[6.84448458e-62 9.31555154e-01]
[9.87522934e-01 1.24770659%e-02]
[9.17172887e-61 8.28271130e-02]
[2.43751163e-81 7.56248837e-01]
[9.37078134e-01 6.29218662¢-02]
[2.82792965e-82 9.71720703e-01]
[2.72748965e-81 7.27251035e-01]
[3.00015981c-62 9.69998402e-01]
[9.85498737e-61 1.45012626e-02]
[9.82428592e-01 1.75714876e-02]
9.96297348e-01]
9.20088398e-01]
9.00277931e-02]
5.51335881e-02]
1.5478763%e-02]]

[3.70265237e-03
[7.99116022¢-02
[9.09972207e-01

0

.44866412e-01
[9.84521236e-01

el B o 5k b bes oY

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

0.8733333333333333
Lses (Dl JSLaadl pn g gl g B o a5 BLdl 387 I ks 5 Lo U
:f1 score dxs e 5k Ak

from sklearn.metrics import fl score
print (f1 score(y test,y pred))

0.8652482269503545

Sl e plall I A Eiy 5200l 5500 s Bl e ol 05 055 O ol
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Sarcasm  JUI lcll go dypaudl SLLiAl (34
Detection with Machine Learning

i Lo uSe 0555 0l Lo e sdode Ol ged Lead e 125 Sarcasm L pendl <ol
OUE «Zif;..\.]\r.@_éQ@éidi%&‘&l.@@%SW&yZﬁzab
52 Bl S0 A e b pmns B pall Sl e dezms & sl o 0Y (ases
8 5L o) 31ST13] L DLaeST aSlay JYI oatld 3 505 )5 Sanadl o i €3 52aSTl
Sarcasm detection & el BLASTLAS & pne Ly 5 oS SUI IEUIS 6] o T fT
SLaS dage o Salbl G gor Dladl ok 3l deslin Dladl odgd  JYI ] plaseraly
0l phsl Y1 el plasenly & el

U olel g0 6y pA Ul SLLEAI

e B S o5 Sl i Lo S 0555 0L Somn 0555 O i el
Flor Y ol ol bt e sl SLSYI e sle Gl aalisean oy ‘r;g\ g
iaa agas doah B0 Badlas pa & el GBLEST plazall e dysall Ol (5 5V
el Y ol 8,3l dlasddl C3ISTI3] L BLaSY SV o) 23 505 )5 LSy L3
Kaggle 3lgazrs 5 ,5Ldl 555 Ldl Joadl o ULy &6 gazes

LS| doge IN- gzmslur obol o) G pedl a L OV a5 055 Of ol
SIS e poms L35 Ky 05l e & pliinaly JUT Ll I35 e B 5
L e dogadl odg) Lgadse
Ugi!urol . e Ud-.J. . IILgl .‘-..EI
Gogodl odin Tl L0 gl plaenaly JVI ol ey & el LS dagay 01 T
sl SUL e poren s 0 ol DS sl pmal G b e
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())


https://raw.githubusercontent.com/amankharwal/Website-data/master/Sarcasm.json

161 8ol gy ¢pc @D padcig blul rade

article_link ... is_sarcastic
https://www.huffingtonpost.com/entry/versace-b... ... e
https://www.huffingtonpost.com/entry/roseanne-...
https://local.theonion.com/mom-starting-to-fea...

https://politics.theonion.com/boehner-just-wan...

A w N PO
® B R O

https://www.huffingtonpost.com/entry/jk-rowlin.. .

[5 rows x 3 columns]

L Lo o Sl Sl e odia SULN de gomes 3'is sarcastic” 5 yee (5 50w
s sarcastic s -l ol 1 oo 03 1 oo B3L5 03 e (g 50w & pendl SBLEST
s 'sarcastic” J) > yoll s (3 Jsle ol JoT e mot sarcastic 3 >lw o 0

:05 1 2y Y "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]
BN e oda SULIN e goren (505 YN el 23 500 eyl SULII 20 0¥ Les
DA danzS™is sarcastic” s sealls 85008 "headline” s sos J) ko Lgs b ades]
:/.80 [EVPRY aﬁwj /20)L&>| 19)»50 Jl CJL:L:J‘ r.mf:.}j SJ.Q.PGY\ oda Sds b}.ﬁb

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)

hy predl SLES T dagad 25 503 o) Bernoulli Naive Bayes &3] 5 oY r.,\;e..ﬂh

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

©.8448146761512542
S L) JYN ) 23505 OIT13] Lo LY oS 3L L putsns oY1 Les
ISR
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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']

uaaloll
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Social Media Followers Prediction with (JII plc il

Machine Learning
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import pandas as pd

import matplotlib.pyplot as plt
import seaborn as sns

import numpy as np

data = pd.read csv ("stats.csv")
data.drop(data.tail(l) .index, inplace=True)
data.head()

period_start period_end ... subscribers_total views
-] 5/1/2e20 5/31/2020 ... ] 128.0
1 6/1/2020 6/30/2020 @ 1e6l130.0
2 7/1/2e20 7/31/2020 @ 146l16.0
3 8/1/2e20 8/31/2020 e 4853.0
4 9/1/2e20 9/38/2020 @ 5153.@

[5 rows x 11 columns]

5o Y SBLIN Ao poren (o iV Chnall Gy 3 co3lel 3801 g Ll ol
S a8 IS S il el e e 8,0 il 0V g2l s 0 Ly e
oda eler VI ol 2l daie ) ceaanil O e ol

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

sns.set theme (style="whitegrid")

plt.title ("Number of Followers I Gained Every Month")
sns.barplot (x="followers gained", y="period end", data=data)
plt.show ()

Number of Followers | Gained Every Month

317020

3072020

.

31021
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plt.figure(figsize= (15, 10))
sns.set theme(style="whitegrid")
plt.title("Total Followers At The End of Every Month")


https://raw.githubusercontent.com/amankharwal/Website-data/master/stats.csv
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sns.barplot (x="followers total", y="period end", data=data)
plt.show ()

Total Followers At The End of Every Month
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plt.figure(figsize=(15, 10))

sns.set theme (style="whitegrid")

plt.title ("Total Views Every Month")

sns.barplot (x="views", y="period end", data=data)
plt.show ()

Total Views Every Month
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5l S p ke Sl fuadl n sy a3 15 (0 5L dautots 25 oY paseals
(Jed o &Sl sds Cosddenl U3 S5 o) 13 . (time series forecasting) &iwe | dhededb
pip oY) ey Slallss e &y Lt ShSod
pip install autots
Zugf}ll ﬂ,:&l I et e ol e bal sue sl &5 Lelas waS el oY
NN
from autots import AutoTS

model = AutoTS (forecast length=4, frequency='infer',
ensemble='simple')
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model = model.fit (data, date col='period end',
value col='followers gained', id col=None)
prediction = model.predict ()

forecast = prediction.forecast

print (forecast)

followers_gained

2021-08-31 693.465876
2021-09-30 617.750000
2021-10-31 650.000000
2021-11-30 634.758000
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Lﬂ,J]JI rolcll pladiwl dualall ulhs @luiAil (36
Hate Speech Detection with Machine Learning
wlawe e Loy bl Al a sl Lladl e (Hate speech) £al S0 Clas- o
S olysiiadl plaims e )l (S Facebooks Twitter Jeo sl VI fool 21
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.(index) ¢ .1

.(count) sds .2

-(hate speech) Lal I ol .3
-(offensive language) Lolid 4

.(neither) 8B Yy lia Y .5



8ol §upn ¢pc @D pdcig blul rade 168

.(class) &3 .6
(tweet) ddo,a .7

togodl odgd Lo )OI UL e pazn s 050l SleSle e ]l Tl

from nltk.util import pr

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

stemmer = nltk.SnowballStemmer ("english")

from nltk.corpus import stopwords

import string

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

data = pd.read csv("twitter.csv")

print (data.head())

Unnamed: @ count hate_speech offensive_language neither class \

e ] 3 e e 3 2

1 1 3 e 3 -] 1

2 2 3 e 3 -] 1

3 3 3 e 2 1 1

4 4 [ e 6 ] 1
tweet

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

1 1111l RT @mleewl?: boy dats cold...tyga dwn ba...

L JEI ol e @l e (5 o asln 0 SUL A sores J g 15 50 sl
.(Hate Speech) ial SO Ollas .1
.(Offensive Language) &uds &x .2
.(No Hate and Offensive) augsso S ¥ .3

data["labels"] = data["class"].map({0: "Hate Speech",
1: "Offensive Language",
2: "No Hate and
Offensive"})
print (data.head())


https://github.com/amankharwal/Website-data/raw/master/twitter.csv
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Unnamed: @

e ] 3 ] e
1 1 3 ] 3
2 2 3 ] 3
3 3 3 ] 2
4 4 6 ] 6

tweet
@ !!l RT @mayasolovely: As a woman you shouldn't...
1 !!11! RT @mleewl7: boy dats cold...tyga dwn ba...
2 111l RT @UrKindOfBrand Dawg!!!! RT @8@sbaby...
3 11 I'1'l RT @C_G_Anderson: @viva_based she lo...
4 I 11111l RT @ShenikaRoberts: The shit you

count hate_speech offensive_language neither <class \

3 2

® B ©® O
B R B R

labels

No Hate and Offensive

Offensive Language
Offensive Language
Offensive Language

Offensive Language

o BLES| 25500 oyl dage &i) Slamlly Ol R sdasl Lt sl oY

data = datal[["tweet", "labels"]]
print (data.head())

tuweet
I'Il RT @mayasolovely: As a woman you shouldn't...
! RT @mleewl?7: boy dats cold...tyga dwn ba...
11! RT @UrKindOfBrand Dawg!!!! RT @8@sbaby...
PIrrrriil RT @C_G_Anderson: @viva_based she lo...

B w N RO

labels

No Hate and Offensive

Offensive Language
Offensive Language
Offensive Language

Offensive Language

il S

H(tweet column) sy 3l s see 3o gmadl Cidied Dl 2L p 31 G s OV

def clean(text):
text = str(text).lower ()
text = re.sub('\[.*?\]"', '',

text)

text = re.sub('https?://\S+|www\.\S+', '',

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)
Sl 25 500 55 Ly pls Sl e J) UL e pae a0V (25
LAl S e s Ul pISU) Gl doged

X = np.array(data["tweet"])
y = np.array(data["labels"])

cv = CountVectorizer ()
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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)

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

e oz @I AU CateSl SIS Lo 5 med M JYI ) 3 500 s 0 Lo
Y ol 2l S

sample = "Let's unite and kill all the people who are
protesting against the government"

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

print (clf.predict (data))

[ 'Hate Speech']

i loll
Eal S Ollas GLasS ) dage o JYI ol 25 500 5 Ly SiSCay 1 82 all o o
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Dogecoin JII plcil g0 Dogecoin jeuy §uiidl (37
Price Prediction with Machine Learning

o sa>, Dogecoin jaw .Bitcoin bl dﬁy‘ sl Cow 8 Dogecoin
) gl IS Qles (o dldl el 500 am ST (Bitcoin Aoy &)l Ll
d 5 eSI3] LG 3 Dogecoin aw JB Uil dgti L3l & soe 3 < Tesla Elon Musk
Aol ads 3.2 Ll Diall odgs Dogecoin I il ;lawYU 5220l 1455 xe
0L el _;Y\ ¢l e Dogecoin Sl 55 dege e bl O o

Dogecoin jcuy guidll
Bitcoin s . VI el d(regression) HMeul dlie § 2l dandl jans 520l U
Sl B8 Colasal 350 b LS @il o lanll Lo Brlosd 1N 3T s
L;\:» Lz, Dogecoin s x5 (Bitcoin .S e .Dogecoin s Bitcoin
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import numpy as np

import pandas as pd

import matplotlib.pyplot as plt
import seaborn as sns

from seaborn import regression
sns.set ()

plt.style.use ('seaborn-whitegrid')

data = pd.read_csv("Dogecoin.csv")
print (data.head())

Date Open High Low Close Adj Close Volume
@ 2820-85-24 @.19335@ ©.194625 ©.186274 @.186783 ©.186783 1.418582e+10
1 2020-85-25 @.186607 ©.153194 ©.185048 @.192753 ©.,192753 1.62898%e+1@
2 2020-05-26 ©.192689 ©.192902 ©.186774 @.187698 ©.187698 1.400234e+10
3 2020-05-27 @.187635 ©.191591 ©.1870e@6 @.l19e5es8 ©.19@568 1.413078e+10
4 2020-985-28 ©.190621 ©.193574 ©.188966 @.191@35 ©.191835 1.667015e+1@

Lol 3ecdl 5 Al ol e (close) MY 5508 (g 5om codn DULN ds gazes &
Dogecoin G| Hlam il o2l e daxli 3l A G ses SN dLinsd]

data.dropna ()

plt.figure(figsize=(10, 4))

plt.title ("DogeCoin Price INR")

plt.xlabel ("Date")

plt.ylabel ("Close")

plt.plot (data["Close"])
plt.show ()

DageCain Price INR

il iadl Sl 520 L;Y‘ ol 3500 o L B autots AoSee oV (WL
Qg Ll ChSad ¢ J3 e &Sl 0dis il U8 ST o) 13 Dogecoin J
D pipe Y el el

pip install aEtOtS ) )
J Ll Hlenyl Je 5 ks b Dogecoin BIES U ] fo“' ok Les oY
:Dogecoin

from autots import AutoTS
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model = AutoTS (forecast length=10, frequency='infer',
ensemble='simple', drop data older than periods=200)

model = model.fit (data, date col='Date', value col='Close',
id col=None)

prediction = model.predict ()
forecast = prediction.forecast
print ("DogeCoin Price Prediction")
print (forecast)

DogeCoin Price Prediction
Close
2021-05-25 23.625960
2021-05-26 24.655236
2021-05-27 24.642397
2021-05-28 25.279966
2021-05-29 26.182042

e

[t

2021-85-30 26.204409
2021-85-31 27.254508
2021-06-81 28.7@9306
2021-86-82 29.425843
2021-06-83 29.457685

0~

uadloll

3 il HlesVU 5l dagod Lalitiend Lo ! L;ﬁ\ ol abie e dpiadl Al
Dogecoin J élas! Sl ol Giay cas el cwds (Wladloda ($.Dogecoin
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Social Media Ads Classification with Machine L“,J]JI

Learning
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import numpy

import pandas as pd

import matplotlib.pyplot as plt

import seaborn as sns

import numpy as np

from sklearn.model selection import train test split
from sklearn.tree import DecisionTreeClassifier

from sklearn.metrics import classification report

data =

pd.read csv("https://raw.githubusercontent.com/amankharwal/Web
site-data/master/social.csv")

print (data.head())

Age EstimatedSalary Purchased

e 13 15000 e
ct 35 28080 -]
2 26 43000 e
3 27 57eee e
4 19 76000 e

i (5T 12 ) oy LS5 Lo 25 pmad oL o JONI s o5 15 3 oY Lss
t bl de gazes o

print (data.describe())
print (data.isnull () .sum())

Age EstimatedSalary Purchased

count 400.200000 400.000000 400.000000
mean 37.655000 €9742.500000 @.3575e0
std 190.482877 34096.960282 0.479864
min 18.eee000 15e8ee.00e200 ©.o00000
25% 29.750000 43000.000000 ©.000000
5% 37.eeeo00e 700e0.000000 ©.o00000
75% 46.000000 880600 .000000 1.000800
max €0.200000 150060 .000000 1.020e20
Age 2

EstimatedSalary -]

Purchased 2]

dtype: int6d
Slasl g el Tl Jof Dbl de pozes Biagedl BLOYI jam CatSas oV Les
:Gx«))‘ Lo mily ol Lol gl fluy e |l el ywy‘

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

plt.title ("Product Purchased By People Through Social Media
Marketing")

sns.histplot (x="Age", hue="Purchased", data=data)
plt.show ()
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Product Purchased By People Through Social Media Marketing

60 Purchased
Y =}
a0

§»

20

10

o 20 30 40 50 60
Age

gl 5 sordl s 0 Gle 45 e onloel 053 ] Goled VI o kel o I e
Lol U1 oS ol 8 e 600 i oY1 Les el ol ST 00
plt.title ("Product Purchased By People According to Their
Income")

sns.histplot (x="EstimatedSalary", hue="Purchased", data=data)
plt.show ()

Product Purchased By People According to Their Income

Purchased
(=N
0 =5}
40
B
3 3%
8
20
10
20000 40000 60000 80000 100000 120000 140000

ool pn 90.000 e (6l s i cpdll GolesYI O kel sl i
el el 2810 peg S|

ducloiall Jolgdl Slwg wibille] @rini gigol 1y

30l ooty o8l Nl Lol 1 Il gl liSle] i) B3 gl s 0V L
Lrbos Ol5eaS Y (o senlly Gdgans i0eS SULII & gazes §"Purchased’
:CS}QJ oy

X
y -
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np.array (data[["Age", "EstimatedSalary"]])
np.array (data[ ["Purchased"]])

:(decision tree classifier) 1,4l
xtrain, xtest, ytrain, ytest = train test split(x, vy,

test size=0.10,
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random state=42)

model = DecisionTreeClassifier ()
model.fit (xtrain, ytrain)
predictions = model.predict (xtest)

:Cs,&\ (classification report) «aiwas o &5 e 5,k d@b Les dj.:a'-T

print (classification report(ytest, predictions))

precision recall fl-score support

e e.88 0.85 e.87 27

1 e.71 e.77 e.74 13

accuracy 9.82 40
macro avg e.80 0.81 e.80 40
weighted avg @.83 e.82 e.83 40

uaaloldl
i Uy Lgiiaass elama V1 ool gl Blus el ko Ly EiSay 1 diall s odin 03]
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Fake ()l rolcill plaaiwl dualddl juall @Liisl (39

News Detection with Machine Learning
Jolsl Jlas ezl I oNSeal ST e sumls & (Fake news) 43631 LY
SV e 2801 (65 BV pans 3L Y1 Wl pedl ams s 23 5 e bz
Lo age dny B30I ,LV1 GL2SY VI ol pltsenad 06 1 Al J g 2301
Dl adgh o JII ol plsenaly L3N LY GBS LS 8 pme oy 5 22813 &AM
Sl el Eon M1 LY (it Tage e Slalbl Gy Uil o 3.2 Ll
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Fb Ul Slegladdl e 280 J) 355 WY JSLaadl ST e susts o 3601 ,LYI
Lopally Ll Slaizaodl U L3 5L L85 (655 95 (oL rla.’u G-lne Lk
GlasY (W e i sl AUl Bl WS Cie JlesTs il JlesT ) L fesoreol
G o S o BISI LSV pslie o S e ! Loy (&3SI1 LY
ade 5 ey o pl B3I Lms Lo ghne CISTI3] Lo L)L aSoy JYI pacld 23505
LSt e JU el g0 oS0 pusle ool el G LY (B I 015l

0l ey ) el 2301, LY

29 LU laa ol dualadl JuA Dl @LitiAl

by e L3I LLY e aiSl daged L Lpassunad A1 UL G o (g 520
OS5 Lo gy (label) doml) sl o 35005 5LV (5 5mns SLSV Ol e J g
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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
1 10294 ... FAKE
2 3608 ... REAL
3 1le142 ... FAKE
4 875 ... REAL

035 W 3520 0d e (5505 Y JI5 Y Lol ey T 3,08 0dn SUL Ao poes
T e Lezrbos 855 (title column) ol gl 5 see ol L éT ielsl
lend 5 5 I el Legil e (label column) drewsd) 5 e s JYI (el

X = np.array(data["title"])
vy np.array(data["label"])

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

LS LY GlassT CSJ“’; o ) Multinomial Naive Bayes 4w,/ s>
xtrain, xtest, ytrain, ytest = train test split(x, vy,
test size=0.2, random state=42)
model = MultinomialNB ()

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

©.8074191002367798

5 1 015 ez Vol p3le (el L al SLasY b sadl M 5230 Gses 0V
N ¢T = LY o s Lrdyes O 13 L & 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']
L3S LV 0L Ly 35001 QIST13] Lo 6 med Sl e 387 5L Ol 1SS 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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Prediction with Machine Learning
aSy JlasY) ij o0 £ S5 A Ui (Forecasting sales) oleall 32l dny
M o Com opls oMY e 28T 88,801 e s of Caes U1 OSG1 o Bus Ly
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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.linear model import LinearRegression

data =
pd.read csv("https://raw.githubusercontent.com/amankharwal/Web
site-data/master/advertising.csv")
print (data.head())
TV Radio Newspaper Sales
230.1 37.8 69.2 22.1

44.5 323 45.1 10.4

e
1
2 17.2 459 69.3 12.0
3 151.5 41.3 58.5 16.5
a

180.8 10.8 58.4 17.9



8ol §upn ¢pc @D pdcig blul rade 182

print (data.isnull () .sum())
v @
Radio (2]
Newspaper [
Sales 2}

dtype: inté4
LY e 5 A 0V Les 3256 o3 ol e ol SULL de porme (g g Y S
) Sl 52l JYI ) 25 500 s F 0 8 el
plt.style.use('seaborn-whitegrid')
plt.figure(figsize=(12, 10))

sns.heatmap (data.corr())
plt.show ()

10
a8
&
0
a4
0z
o
A
R Newspager Sales

sl SVl dal g pasela 13 Y1 (el 23500 W53 S e oY1 Les
1055L el Sl 5l 5500 o) (linear regression)

X = np.array(data.drop(["Sales"], 1))

y = np.array(data["Sales"])

xtrain, xtest, ytrain, ytest = train test split(x, vy,
test size=0.2, random state=42)

model = LinearRegression ()

model.fit (xtrain, ytrain)

ypred = model.predict (xtest)

data = pd.DataFrame (data={"Predicted Sales": ypred.flatten() })
print (data)


https://thecleverprogrammer.com/2020/11/20/linear-regression-with-python/
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Predicted Sales

@ 17.934772
1 20.4@85740
2 23.723989
3 9.272785
4 21.682719
5 12.569482
6 21.681195
7 8.690350
8 17.237013
9 16.666575
1@ 8.923965
11 8.481734
12 18.20@7512
13 8.067507
14 12.645518@
15 14.931628
16 8.128146
17 17.898766
18 11.008806
19 20.478328
20 20.806318
21 12.598833
22 10.905183
23 22.388548
24 9.4179%61
25 7.925867
26 20.839085
27 13.815209
28 10.770809
29 7.926825
30 15.959474
31 10.6349089
32 20.8029280
33 18.434342
34 21.578475
35 21.183645
36 12.128218
37 22.809533
38 12.609928
39 6.464413

uoi‘l.l.o.”
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JUI plell go dgonoll 6jmall jlewl wrini (41
Mobile Price Classification with Machine
Learning

Uoge b andl 0550 ) ol Glls aol el e G ped s ol 2 il
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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 e a2 soo (] 1 1
1 1821 1 8.5 1 a 2
2 563 1 8.5 1 (%] 2
3 615 1 2.5 ) e 2
4 1821 1 1.2 1 @ 1

[5 rows x 21 columns]
oda C)UQA‘XD)&aw q&;>& Y Ewd\¢rm>J)‘3}&9 2]_g;9 CJUEA\K&;«aw gi#zﬁ‘Ll
gslb Les (M3 Lké ¢§U} acfgyﬁJ|LTg)J3 d:ﬂ&-Lﬁ Lis 9JA\t;§Qf|JJg3>jijJ st u;&
UL de gozes dolpnadl o BLEYI e 5
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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= data.iloc[:, :-1].values

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)

=
I

Jaonoll Gilall yow wrini gigod

il U odin OV 1350l plasely Pl el Citas T35 sk oY Les
Scikit- e dediadl Logistic Regression _gwe gl jlus<¥l i)l s r.&;«.ﬁ B g
:Learn

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

gl e 5 a2l oV es w3l ol ga5 7.95.5 oo als 85 Jany 550l 06 1
sl Lgas

[3e223ee33113023@032210003122313110202380
©33213313@1311303022283313212322232168
13221233300 2123231221e3338311313223233
#ee©l1330010@3221211021333333201121303080
2©11113e©3132131233218312330223121e12
22©032311902312203331233300023300132333
©©22310209003212211023300133133110233
2e©12322321803321322210221002223013822
3201130023120 2030@03323122111010@3103080
l1323110139@2211211020e31232280322132333680
2©3911231312@1230013@30221180280]

sde ol Al byes o3 padl davly Ciadl gl Gl odel Ul s
1§ Bl U dimad) @ paseall i gl
(unique, counts) = np.unique(y pred, return counts=True)

price range = np.asarray((unique, counts)).T
print (price_range)
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Currency Exchange Rate Prediction with

Machine Learning

S¥53 (W W1 31w ST e sty 4o (Currency exchange) edaall G 0
o Jolgall e dodall 355 e Lo sy 73.02 Jsla sdoadl LY I Y gs e ol
EMandl G5 oo s 5220 s ] s g ol B3z sl gl s O ol jladd
G Al oda @I (daw USie (Currency Exchange Rate Prediction)
0L plasealy JYI el el SMandl G oy 52301 degs o Salb]

G lloc)l &y yovy guiidl

Gl Sl JY el (regression) el At pa <Sleall G o el 522
Lol slamdl o - 355 0 Sy 3,800 50,30 5 e S5 0 JS' 5 peall sland
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-Yahoo Finance &)Ly o3 .1

"USD / INR (INR = x)" 56 &l .2

" Historical Data &sw,tJl wULI" 84 a0 .3
"Download 33" &5 &0 .4
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https://thecleverprogrammer.com/2021/03/17/neural-networks-in-machine-learning/
https://thecleverprogrammer.com/2021/03/17/neural-networks-in-machine-learning/
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import numpy as np

import pandas as pd

import matplotlib.pyplot as plt
import seaborn as sns

from seaborn import regression
sns.set ()
plt.style.use('seaborn-whitegrid')

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

Date Open High Low Close Adj Close Volume
2020-05-22 75.625000 76.209503 75.610001 75.625000 75.625000 -]
2020-85-25 75.985801 76.1295@1 75.75750@ 75.985001 75.985001
2020-85-26 75.873596 76.11eeel 75.404999 76.11@001 76.11@e01
2020-05-27 75.489502 76.000000 75.381302 75,820000 75.820000
2020-05-28 75.885696 76.129997 75.634499 76.129997 76.1299%7

B oW RN RO
® ® 0 @

S Bl @2l 2 "Close” SV 5 508 J85 32 gl @] codar SULIN s gazes S
el e e dam 85 5 AL G yes S L 5 ) oo

plt.figure(figsize=(10, 4))
plt.title("INR - USD Exchange Rate")
plt.xlabel ("Date")

plt.ylabel ("Close")

plt.plot (data["Close"])

plt.show ()

INR - USD Exchange Rate

Close
=

FoMaadl G o s 32301 23 505 s 3 Slpall o LY o 5k A oY Les

print (data.corr())
sns.heatmap (data.corr())
plt.show ()
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Open High Low Close Adj Close Volume
Open 1.e00000 ©.984518 ©.983143 ©.994720 ©.994720 NaN
High ©.984518 1.000000 ©.981582 @.984599 @.984599 NaN
Low ©.983143 ©.981582 1.0€0000 ©.985281 ©.985281 NaN
Close ©.994720 ©.984599 ©.985281 1.000000 1.eeee00 NaN
Adj Close ©.994720 ©.9845359 @.985281 1.000000 1.000000 NaN
Volume NaN NaN NaN NaN NaN NaN

§
2
o}

Low

Close

1.000
099
0902
0.968
0984

Open High Low Close Ad) Close Volume

Volume Adj Close

kel il 2 Slall 550 b o UL e samen sluke] s &) 5 sl 03
1y eedl Al 5 el i35 x

= datal[["Open", "High", "Low"]]
= data["Close"]

= x.to numpy ()

= y.to numpy ()

= y.reshape (-1, 1)

3505 sl Beall sl @3 5 3 sad iy 55 DL o gozes o Les (Y

KOKOX KX

1050k A el (Decision Tree Regression) 1,8l 8 zed sl

from sklearn.model selection import train test split
xtrain, xtest, ytrain, ytest = train test split(x, vy,
test size=0.2, random state=42)

from sklearn.tree import DecisionTreeRegressor
model = DecisionTreeRegressor ()

model.fit (xtrain, ytrain)

ypred = model.predict (xtest)

Aol oL Bl s I Ol G o lan i ol ol e 3 0 AL oY Les
1desl

data = pd.DataFrame (data={"Predicted Rate": ypred.flatten()})
print (data.head())
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Predicted Rate
74.820000
74.019997
73.089203
73.374802
73.1334e0
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Profit Prediction with L“,JIJI rolc iUl o au PJU il (44

Machine Learning

Joals ol o 05 sall Sty b W caions Sy Bt sl 5,01 53 0
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import numpy as np
import pandas as pd
import matplotlib.pyplot as plt
import seaborn as sns

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


https://raw.githubusercontent.com/amankharwal/Website-data/master/Startups.csv
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R& Spend Administration Marketing Spend State Profit
@ 165349.20 136897.80@ 471784.10 New York 192261.83
1 162597.70 151377.59 443898.53 California 191792.86
2 153441.51 101145.55 407934.54 Florida 191050.39
3 144372.41 118671.85 383199.62 New York 182901.99
4 142167.34 91391.77 366168.42 Florida 166187.94

e 5k el Tasls ey (gl delus] s 10 3 43ks o (6l o DL eda (g0 Y
t ULl odgd SlslaYl yasde

print (data.describe())

R& Spend Administration Marketing Spend Profit
count 56.0600000 508.800000 50.000000 50 .000000
mean 73721.615600 121344.639600 211625.097800 112012.639200
std 45902 .256482 28017.802755 122290.310726 40306.180338
min 0.000000 51283.148000 0.000000 14681.400000
25% 39936.370000 163730.875000 129300.132500 90138.902500
50% 73051.080000 122699.795000 212716.240000 107978.190000

75% 161602 . 300000 144842.180000 299469.085000 139765.977500
max 165349.200000 182645.560000 471784.100000 192261.830000

il (s (correlation) bLo,YI e 5,k AL Les oY

sns.heatmap (data.corr (), annot=True)
plt.show()

-10
R&D Spend -
-08
Administration - 06
- 04
Marketing Spend 4
- 0.2
Profit - 0.97 1
- 0.0
= = b= =
c =] c =
3 g g
4 e
=

Loyl g pdsenad Gbgud c(regression) Slew ¥l ASas e datad dogoll oda 0¥ ([l
o Uges G Jb el 23505 Copad (Linear regression) sl <Nl
15l g LD e S o UL

x = data[["R&D Spend", "Administration", "Marketing Spend"]]
data["Profit"]

<
|

x = x.to numpy ()
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y = y.to numpy ()

y = y.reshape (-1, 1)

from sklearn.model selection import train test split
xtrain, xtest, ytrain, ytest = train test split(x, vy,
test size=0.2, random state=42)

13 gl 2l e 6 iy SULS ada e Jasdl Jlsu ¥l 3 a3 s Les Y

from sklearn.linear model import LinearRegression
model = LinearRegression ()

model.fit (xtrain, ytrain)

ypred = model.predict (xtest)

data = pd.DataFrame (data={"Predicted Profit":
ypred.flatten() })

print (data.head())

Predicted Profit
126703.027165
84894 .750816

(2]
1
2 98893.418160
3 46501.708150
4

uai Lol

lrcdl a3 sy Do 820 38,801 L)L 5l Ly LSy ) G ol » o 03]
0555 0l ol Laidios Sy ke Lo e 38,800 plgadl oda oo delas o Sy . JYI
0k el SVl o U 5l g J g Dl ok o 3
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Water L“,JIJI rodcil plaaiwl olodl 62g0 JuAi (45
Quality Analysis using Machine Learning

A s ol mend el Sl oo N1 ot & palall Ol ol e J sl nd
Aol n ddl 355 Bl L1 G ol ot 0l e J puamadl imy (356
(I Wl Gt I ol Yl o Ll LS ((Water Quality) obodl 8352 o
(water quality analysis) elwll 855 Jlowi el 2] 448 & ,me A5 S 13 U
8352 Joloss o kbl G5 g Ul 0dn (3.l Ll Dlaodl odgh ( JYI ] plasenal,
0l sl JIN el plaseal oLl

oloJl 6290 Judi

Jebos el Bl 6 YT ) e l) s I Vel T oloodl 83 g2 o )
S Jal gl pror b A L Liioge Y (watter potability analysis) o 20 oLl 16
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Gl b sl dnal oldl de OS5 Loy snll JYI el 3000 ol 3 Sl
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uob aéJ plaaiwl olio 6292 JudAi
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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 c i Sulfate  C: ivity ~ Organic_carbon  Trihalomethanes  Turbidity  Potability
0 NaN 204.800455 20791318881  7.300212 368.516441 564.308654 10.379783 86.990070 2963135 0
1 3716080  129.422021  1B630.057858  6.635246 NaN 502.885359 15180013 56329076 4500856 O
2 BO099124 224236250 19909541732  9.275884 NaN 418.606213 16868637 66.420003 3055934 0
3 B316766 214373394 22018417441  B.058332 356.886136 363266516 18.436524 100.341674 4628771

4 9.002223 181.101509 17978.986339 6.546600 310.135738 308.410813 11.558279 31.007903 4.075075 0


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

e o3 e 55 I Gshall e 5 Les (U3

= data.dropna ()

data.isnull () .sum()

ph

Hardness

Solids
Chloramines
Sulfate
Conductivity
Organic_carbon
Trihalomethanes
Turbidity
Potability

o 0O O O O 0 O & O O

dtype: int64d
glos Gl s s0all 52 ol SULIN e saead (Potability column) < padd LW 5 see
(1) a0 &l sboadl 15} Lo J) 25 115 0 el o g0m ¥ wB5 )

plt.
sns.
plt.
plt.

" Potability" s yee 315 0 1255 65 byes LU .2l (0) &l 2 ]

figure (figsize= (15, 10))

countplot (data.Potability)

title ("Distribution of Unsafe and Safe Water")
show ()

Distribution of Unsafe and Safe Water

Potabiity

oY (not balanced) &5 b oda SULII de sazes o a0 o G £ 1ia UL

A6 1 e ST oY ol

Uses S bl 5352 o 555 215 Lelaloss Lias ¥ Jolse dr 5 ¥ olel L 83 LS
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:(ph column)
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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 sl ooyl oV Aol ool Y1 5 g0 Jo
8.55 6.5 oy 2l olad o)) 0301 83 0585 0l o eloll (Aol el
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figure = px.histogram(data, x = "Hardness",

color = "Potability",

title= "Factors Affecting Water Quality:
Hardness")
figure.show ()

Factors Affecting Water Quality: Hardness

ssle eladl 8 e Jozas . DULIN e pares Jeladl hardness § e &5 el Jsadl s
AL oV ks .ol b pladle 2002120 J) 455 foas gl eledl ST w0 )daze e
eleall 835 e 55 sl Il Jolall e 5k

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

(oo e UL e sazes (Beled) RSN B 3l sall o] w5 okl ISR o
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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

W Potability=0
W Potabiiity=1

el fISIN UL i gazms L}:-LQJ\ L}(chloramine) Syl 5 51801 32 odef LAl
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bl 8352 Jo S5 gl
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
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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

slodl . SULI e gozes J(water conductivity) obwall &l se a5 55 el 2l Joe
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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

W Potabiity=1

Trihalomethanes
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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
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pip oY el clollss e & s

pip install pycaret B
& O (correlation) bla,¥I Je &,k b Les ‘%;‘ﬂ ol Cs,‘,; ol 3
iU de yozes d(Potability column) o o) LWl > sony Slazu Lod ol el

correlation = data.corr()
correlation["ph"].sort values (ascending=False)

ph 1.000000
Hardness 8.198948
Organic_carbon 9.028375
Trihalomethanes 9.018278
Potability @.e1453@
Conductivity 8.e14128
Sulfate 8.e1e524
Chloramines -9.024768
Turbidity -0.835849
Solids -9.887615

Name: ph, dtype: float64

ada SLL) e paread JaBV a AV (13 Lal g (6 86 me Sy S s Lod 0
:05b GPyCaret 485 plizenls

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] L}w‘ﬂ\ rrandom forrest(rf) a8l siall LI Loyl 6 OB oMl doescld Gis
155 yanmils =5 el o, bges I obadl 83 2 ol deged JYI (Al 23 505

model = create model ("rf")
predict = predict model (model, data=data)
predict.head()

ph Hardness solids Chloramines sulfate Conductivity Organic_carbon Trihalomethanes Turtidity Potability Label Score
3 B3ETES 214373384 22018417441 6059332 356.886136 363.266518 18.4386524 100.341674 4628771 [+] o 087
4 0092223 181101509 17678966330 6.548600 310.135738 398410813 11.558279 31987993 4.075075 o o o
5 5.584087 1BB.313324 2ZBT48.6B7739 T.5445809 326.678363 280.467916 B.389735 54.917862  2.558708 ] o 083
6 10.223862 248071735 2BT49.716544 T.513408 393663306 283651634 13.780805 B4 603656  2.672080 [+] o 080
7 8635840 203351523 13672001784 4563000 303300771 474 BOTE45 12.363617 B2.798300 4401425 (] 0 094
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Il el pladiuuly gyagell wledl aile o G4l (46
Video Game Sales Prediction with Machine
Learning

e @Bl Aa 0Ly 52 (Video game sales analysis) gl Sl Slas o
Sy 514 16500 oo ST las o) Al odin e ol EiSay Kaggle
LaS D pme 5 oS 15 A . ol Ol ey 5220 JYI Wl 23 505 o5 Ll
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import pandas as pd

import numpy as np

import matplotlib.pyplot as plt
import seaborn as sns

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

Rank Name Platform Year ... EU_Sales JP_Sales Other_Sales Global_Sales
e al Wii Sports Wii 2ees.@ ... 29.82 3.77 8.46 82.74
1 2 Super Mario Bros. NES 1985.8 ... 3.58 6.81 8.77 40.24
2 3 Mario Kart Wii Wii 2008.0 ... 12.88 3.79 3.31 35.82
3 4 Wii Sports Resort Wii 2009.9 ... 1l.e1 3.28 2.96 33.e0
4 5 Pokemon Red/Pokemen Blue GB 1996.6 ... 8.89 10.22 1.e0 31.37

I 03 e (5500 ada SULII e gazes ST Le g 0V L

print (data.isnull () .sum())
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Rank e
Name e
Platform o
Year 271
Genre e
Publisher 58
NA_Sales e
EU_Sales e
JP_Sales e
Other_Sales e
Global_Sales e

dtype: int64
I ) 55 s DLy e gers Lol oY1 p L

data = data.dropna()
s SV o b3 10 il e 3 10 2l Lies (3 sadl oy s 3

import matplotlib as mpl

game = data.groupby ("Genre") ["Global Sales"].count () .head(10)
custom colors = mpl.colors.Normalize (vmin=min (game),
vmax=max (game) )

colours = [mpl.cm.PuBu(custom colors(i)) for i in game]
plt.figure (figsize=(7,7))

plt.pie(game, labels=game.index, colors=colours)

central circle = plt.Circle((0, 0), 0.5, color='white')
fig = plt.gcf ()

fig.gca() .add artist(central circle)

plt.rc('font', size=12)

plt.title("Top 10 Categories of Games Sold", fontsize=20)
plt.show ()

Top 10 Categories of Games Sold

Fighting Action

Misc
Simulation
Platform
Puzzle Shooter

Racing Role-Playing

toda SULII de gazes Sl5ae o (correlation) iYW e 5,k kb oYl Les

print (data.corr())
sns.heatmap (data.corr (), cmap="winter r")

plt.show()
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Rank

Year

NA_Sales

EU_Sales

JP_Sales

Other_Sales
- =0.25
Global_Sales -
- o
H H] g 3 k! 8 g
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x = data[["Rank", "NA Sales", "EU Sales", "JP Sales",

"Other Sales"]]
y = data["Global Sales"]

o) (linear regression) el jlsuNl dn) )l pindy UL s Les Ry
(350l lin

from sklearn.model selection import train test split
xtrain, xtest, ytrain, ytest = train test split(x, vy,
test size=0.2, random state=42)

from sklearn.linear model import LinearRegression
model = LinearRegression ()

model.fit (xtrain, ytrain)

predictions = model.predict (xtest)

wuaaloll
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https://thecleverprogrammer.com/2020/11/20/linear-regression-with-python/
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125 Data Science Projects You Can Try with Python, Aman Kharwal,
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40+ Data Analysis Projects with Python, Aman Kharwal,
https://amankharwal. medium.com/data-analysis-projects-with-

python-a262a6f9e68c.
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