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PRACTICAL 1
A. Aim: Implement Breadth First Search Algorithm

Dataset: RMP.py File
Requirement: RMP.py, Python IDLE
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A. Code: Implement the Breadth First Search algorithm to solve a given problem.
import queue as Q
from RMP import dict_gn
start = 'Arad'
goal = "Bucharest"
result="
def BFS(city,cityq,visitedq):
global result
if city==start:
result = result + "" + city
for eachcity in dict gn[city].keys():
if eachcity==goal:
result = result + " " + eachcity
return
if eachcity not in cityq.queue and eachcity not in visitedq.queue:
cityq.put(eachcity)
result = result + " " + eachcity
visitedq.put(city)
BFS(cityq.get(),cityq,visitedq)
def main():
cityq = Q.Queue()
visitedq = Q.Queue()
BFS(start,cityq,visitedq)
print("BFS Traversal From ", start," to ", goal, "is :")
print(result)
main()

Output:
A IDLE Shell 3.114
File Edit Shell Debugr Options Window Help
Python 3.11.4 (tags/v3.11.4:d2340ef, Jun 7 2023, 05:45:37) [MSC v.1934 64 bit (AMDE4)] on v
Type "help", "copyright", "credits" or "license()" for more information.
>>>
|= RESTART: C:/Hasan/code.py
|BFS Traversal From Arad to Bucharest is :
.|Arad Zerind Timisoara Sibiu Oradea Lugoj Rimnicu Fagaras Mehadia Pitesti Craiova Bucharest
>>>
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B. Code: Implement the Iterative Depth First Search algorithm to solve the same problem.

import queue as Q
from RMP import dict_gn

start = "Arad"
goal = "Bucharest"
result=""

def DLS(city,visitedstack,startlimit,endlimit):
global result
found =0
result = result + city +" "
visitedstack.append(city)
if city == goal:
return 1
if startlimit == endlimit:
return 0
for eachcity in dict_gn[city].keys():
if eachcity not in visitedstack:
found = DLS(eachcity,visitedstack,startlimit+1,endlimit)
if found:
return found

def IDDFS(city,visitedstack,endlimit):
global result
for 1 in range(0,endlimit):
print("Seaching at Limit:", 1)
found = DLS(city,visitedstack, 0 , 1)
if found:
print("Found")
break
else:
print("Not Found!")
print(result)
print(" ")
result=""
visitedstack =[]
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def main():
visitedstack =[]
IDDFS(start,visitedstack,9)
print("IDDFS Traversal from ", start, " to ",goal," is:")

print(result)
main()
Output:
Type "help", "copyright"™, "credits" or "license ()" for more information.
>>>

= RESTART: C:\Hasan\code.py
Seaching at Limit: 0

Not Found!

|[Arad

|Seaching at Limit: 1
Not Found!
|Arad Zerind Timisoara Sibiu

|Seaching at Limit: 2
Not Found!
|Arad Zerind Oradea Timisoara Lugoj Sibiu Rimnicu Fagaras

|Seaching at Limit: 3
Not Found!
|Arad Zerind Oradea Sibiu Timisoara Lugo] Mehadia

|Seaching at Limit: 4
Not Found!
|Arad Zerind Oradea Sibiu Rimnicu Fagaras Timiscara Lugce]j Mehadia Drobeta

|Seaching at Limit: 5

Found

IDDFS Traversal from Arad to Bucharest 1is:

|[Arad Zerind Oradea Sibiu Rimnicu Pitesti Craiova Fagaras Bucharest
>
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PRACTICAL 2
AIM: A* Search and Recursive Best-First Search

Dataset: RMP.py File

Code: Implement the A* Search algorithm for solving a pathfinding problem.
import queue as Q

from RMP import dict _gn

from RMP import dict_hn

start = 'Arad'
goal = 'Bucharest'
result ="

def get fn(citystr):
cities=citystr.split(",")
hn=gn=0
for ctr in range(0, len(cities)-1):
gn=gn+dict_gn[cities[ctr]][cities[ctr+1]]
hn=dict_hn|[cities[len(cities)-1]]
return(hn+gn)
def expand(cityq):
global result
tot, citystr, thiscity=cityq.get()
if thiscity==goal:
result=citystr+"::"+str(tot)
return
for cty in dict_gn[thiscity]:
cityq.put((get_fn(citystr+","+cty),citystr+","+cty,cty))
expand(cityq)
def main():
cityq=Q.PriorityQueue()
thiscity=start
cityq.put((get fn(start),start,thiscity))
expand(cityq)
print("The A* path with the total is: ")
print(result)
main()
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Output:
A [DLE Shell 3.11.4
File Edit Shell Debug Options Window Help

Python 3.11.4 (tags/v3.11.4:d2340ef, Jun 7 202
Type "help"™, "copyright"™, "credits"™ or "license
555
'= RESTART: C:/Hasan/code.py
The A* path with the total is:
=‘Arad, Sibiu,Rimnicu, Pitesti, Bucharest::418
>>>

Code: Implement the Recursive Best-First Search algorithm for the same problem.
import queue as Q

from RMP import dict_gn

from RMP import dict_hn

start = 'Arad'
goal = 'Bucharest'
result ="

def get fn(citystr):
cities=citystr.split(",")
hn=gn=0
for ctr in range(0, len(cities)-1):
gn=gn+dict_gn[cities[ctr]][cities[ctr+1]]
hn=dict_hn[cities[len(cities)-1]]
return(hn+gn)
def printout(cityq):
for 1 in range(0, cityq.qgsize()):
print(cityq.queuel[i])
def expand(cityq):
global result
tot, citystr, thiscity = cityq.get()
nexttot = 999
if not cityq.empty():
nexttot,nextcitystr,nextthiscity=cityq.queue[0]
if thiscity== goal and tot < nexttot:
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result = citystr + "::" + str(tot)

return
print("Expaded city --------- ", thiscity)
print("second best f(n)--------- ", nexttot)

tempq = Q.PriorityQueue()
for cty in dict_gn[thiscity]:
tempq.put((get_fn(citystr+',tcty), citystr+','+cty, cty))
for ctr in range(1,3):
ctrtot, ctrcitystr ,ctrthiscity = tempq.get()
if ctrtot < nexttot:
cityq.put((ctrtot, ctrcitystr,ctrthiscity))
else:
cityq.put((ctrtot, citystr, thiscity))
break
printout(cityq)
expand(cityq)

def main():
cityq=Q.PriorityQueue()
thiscity=start
cityq.put((999, "NA", "NA"))
cityq.put((get_fn(start), start, thiscity))
expand(cityq)
print(result)

main()

Output:

BY: - PROF. HASAN PHUDINAWALA
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= RESTART: C:\Hasan\code.py

Expaded city
second best £ (n)
(393,
(999,
(447,
Expaded city
second best f (n)
(413,
(415,
(447,
(999,
Expaded city
second best f (n)
(415
(417,
(447,
(D90,
Expaded city
second best f (n)

(417,
(450,
(447,
(999,

Expaded city
second best f (n)
'Arad, Sibiu,Rimnicu, Pitesti?',
'"Timisoara')

(417,
(447,
(999,
(450,
(526,

Expaded city
second best f (n)
'Arad, Sibiu,Rimnicu, Pitesti, Bucharest’,
'"Timisoara')
'Arad, Sibiu,Rimnicu, Pitesti',

(418,
(447,
(607,
(526,
(450,
(999,

Arad
"Arad,Sibin" ,
'Nf-"l.'; 'Nﬂ'}
'Arad, Timisoara',
*Arad, Sibiu,Rimnicu',
'Arad, Sibiu,Fagaras’',
'Arad, Timisoara',
'NH', 'NPL']

'Arad, Sibiu,Fagaras’',
'Arad, Sibiu,Rimnicu’,
'Arad, Timisoara',
INA.I, INPLI}

'Arad, Sibiu,Rimnicu’,
'Arad, Sibiu, Fagaras',
'Arad, Timisoara',
INP'.LI; INP.LI}

'Arad, Timisoara',
INAI; 'Nf—‘i'}

'Arad, Sibiu, Fagaras',
'*Arad, Sibiu,Rimnicu',

*Arad,; Timisocara";

'Arad, Sibiu,Rimnicu’,
'Arad, Sibiu,Fagaras',
'Nﬂ'; 'Nﬂ'}

ARTIFICIAL INTELLIGENCE
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999
'Sibiu’)

'"Timisoara')
Sibin
447

'"Rimnicu')
'Fagaras')

'"Timisoara')

Rimnicu
415

'Fagaras')
'Rimnicu')

"Timisoara')

'Rimnicu')
'Fagaras')

'"Timisoara')

Eimnicu
447

"Piteati®)

'Fagaras')
'Rimnicu')

Pitesti
447

'Bucharest')

"Pitesti'")
'Rimnicu')
'Fagaras')

Arad, Sibiu,Rimnicu, Pitesti,Bucharest::418
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PRACTICAL NO: 3
Aim: Implement the decision tree learning algorithm to build a decision tree for a given
dataset. Evaluate the accuracy and efficiency on the test data set.

Implementing Decision Tree using Scikit
Learn

This notebook is a reference notebook to a blog, Decision Tree for Beginers.

#numpy and pandgs initiglization
import numpy as np
import pandas as pd

#looding the PloyTennis data
PlayTennis = pd.read csw{"../input/PlayTennis.csv"})

PlayTennis

outlook temp humidity windy play

0 sunny hot high False no
1 sunny hot high True no
2 owvercast hot high  False yes
3 rainy  mild high False yes
4 rainy  cool normal  False  yes
5 rainy  cool normal  True  no
B overcast cool normal  True  yes
7 sunny  mild high False no
8 sunny  cool normal  False  yes
9 rainy  mild normal  False  yes
10 sunny  mild normal True  yes
11 overcast  mild high  True yes
12 overcast hot normal  False  yes
13 rainy  mild high True no

[t is easy to implement Decision Tree with numerical values, We can convert all the non
numerical values into numerical values using LabelEncoder

from sklearn.preprocessing import LabelEncoder
Le = LabelEncoder()

PlayTennis[ 'outlook'] = Le.fit_transform{PlayTennis["outlook’'])
PlayTennis[ ‘temp’'] = Le.fit_transform(PlayTennis['temp'])
PlayTennis[ 'humidity '] = Le.fit_transform{PlayTennis['humidity*])
PlayTennis[ 'windy'] = Le.fit_transform(PlayTennis[ windy'])
PlayTennis['play'] = Le.fit_transform(PlayTennis['play'1)
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PlayTennis

outlook temp humidity windy play

0 2 1
1 2 1
2 0 1
3 1 2
4 1 0
3 1 0
b 0 0
1 2 2
8 2 0
9 1 2
10 2 2
1 0 2
12 0 i
13 1 2

0
0

0
1

0
0

BY: - PROF. HASAN PHUDINAWALA

» |ets split the training data and its coresponding prediction values.
* vy - holds all the decisions.

* X - holds the training data.

¥y = PlayTennis["play’]

¥ = PlayTennis.drop(['play'],axis=1)

# Fitting the model
from sklearn import tree

clf = tree.DecisionTreeClassifier{criterion = 'entropy’)

clf = c1f. FfitlX, y)

# We can visuglize the tree using tree.plot_tree

tree.plot_tres{clf)
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[Text({133.92000000000082, 195.6096, 'X[B] <= @.5\nentropy = @.94\nsamples = 1dyn
value = [5, 9]'},

Text(106.44000000000001, 152.208, 'entropy = @.@%nzamples = dynvalue = [@,
41'),

Text(167.40002000000803, 152.288, 'X[2] <= @.5\nentropy = 1.@\nsamples = 18\nv
alue = [5; 51"},

Text(106.440G0000000001, 188,72, "X[8] <= 1.5\nentropy = 8.722\nsamples = S\nv
alue = [4, 11"},

Text({66.06000000000001, £5.232, 'X[3] <= 8.5\nentropy = 1.0\nsamples = 2\nvalu

= [1, 1]I}J

Text(33.48300000000000084, 21.744, 'entropy = 8.8\nsamples = linvalue = [@,
11'),

Text(106.44000000000001, 21,744, 'entropy = @.@\nsamples = lynvalue = [1,
e]'),

Text(133.92000000000002, 65.232, 'entropy = @.8\nsamples = 3invalue = [3,
2]'),

Text{234.36, 188.72, 'X[3] <= 8.5\nentropy = 9.722\nsamples = S\nvalue = [1,
41'),

Text(200.33060000000802, 65.232, 'entropy = B.8\nsamples = 34nvalue = [@,
31'),

Text(iﬁ? B40GAB0AEREEG3, B5.232, 'X[1] <= 1.@\nentropy = 1.8\nsamples = 2ynval
= [1, 11"},

Text(234 36, 21.744, ‘entropy = 8.8\nsamples = l\nvalue = [1, 81'),

Text(301.320000000000085, 21,744, ‘entropy = @.@\nsamples = lynvalue = [@,

]
111
K[} = 0,3
Entropy = .84
idifipkia = 14
valis = [3, §]
. ] an 1: J-:End'ﬁ_-piaﬁ
waup = [0, 4] ::'I-LFH:[; L:::I]
“u
o)== 13 KB == 0.3
rnffnﬁ, =078 :lﬂrln’j\c = 0,733
EETDeE = 3 sampies = %
waloe = [4 1] vale = [1 4]
L R
3] =03 = = Al <=10
entriy = 10| [firoey = 09) firtromy = 38 | iy L0
sampis =2 | Yopjpe = (3, 0]| |vnie = |0 3| |*Amper =2
walug = I1, 1] wnlue = [1. 1]
IEntropy = 0.0 Eiiiogy = 0.0 jentidjay = 4.0 eitropy = 0.0
campies = | wmmgies = ] wmpies = | wampiey = 1
vahe =0 1]]| |vnlie =[] 0} VAl = 1 0] [veiue =2 1]

GraphViz gives a better and clearer Graph,

import graphviz

dot_data = tree.export_praphviz{clf, out_file=None)
graph = graphviz.Source(dot_data)

graph
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X[0] =05
entropy = 0.94
samples =14
value = [3, 9]

Tru % ‘alse

BY: - PROF. HASAN PHUDINAWALA

X[2]==023
entropy = 0.0 EﬂiE’c::'lpv =10
SAmpEsaT S samplés = IU
value = [0, 4] valioe = |
N[0]==13 X[3]==03
eatropy = 0.722 entropy = 0.722
zamples =3 samplez = 3
value = [4, 1] valoe = [1, 4]
X[3]==03 lr= l= X[1]==10
entropy =1.0 EsiEaD;Il;:s ff E:EEE; : j;j entropy = 1.0
samples = : i ; il samplez =
b value = [3, 0] value = [0, 3] vatae—[1, 1]
entropy = 0.0 entropy = 0.0 eatropy = 0.0 entropy = 0.0
samples =1 samples = 1 samples = 1 samples = 1
value = [0, 1] value = [1, 0] value =[1, 0] value = [0, 1]

in the above graph,

* M[0] -> Outlock
* X[1] -> Temperature
* X[2] -= Humidity

¢ ¥[3]-> Wind

5,91

/

False — No

[ True -- Yes

values

Since we dont have any data to test. we can just make the model to predict our train

data.

# The predictions gre stored in X pred
¥_pred = clf.predict{X}
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# verifying if the model has predicted it all right.

X _pred == y
] Trug
1 True
2 Trug
3 True
4 True
5 True
] True
7 True
] True
] True
18 True
11 True
12 True
13 True

MName: play, dtype: bool
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PRACTICAL NO: 4
AIM: Feed Forward Back propagation Neural Network
e Implement the Feed Forward Back propagation algorithm to train a neural network
e Use a given dataset to train the neural network for a specific task

Requirement: Python IDLE

Code:

from doctest import OutputChecker

import numpy as np

class NeuralNetwork():

def init (self):

np.random.seed()
self.synaptic_weights=2*np.random.random((3,1))-1

def sigmoid(self,x):

return 1/(1+np.exp(-x))

def sigmoid_derivative(self,x):

return x*(1-x)

def train(self,training_inputs,training_outputs,training_iterations):
for iteration in range(training_iterations):
output=self.think(training_inputs)

error = training_outputs-output
adjustments=np.dot(training_inputs.T,error*self.sigmoid derivative(output))
self.synaptic_weights +=adjustments

def think(self,inputs):

inputs=inputs.astype(float)
output=self.sigmoid(np.dot(inputs,self.synaptic weights))
return output
if name ==" main "

#initializing the neuron class

neural network = NeuralNetwork()
print("Beginning Randomly Generated Weights: ")
print(neural network.synaptic weights)

#training data consisting of 4 examples--3 input values and 1 output
training_inputs = np.array([[0,0,1],

[LL1],

[1,0,1],

[0,1,1]])
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training_outputs = np.array([[0,1,1,0]]).T

#training taking place

neural network.train(training_inputs, training_outputs, 15000)

print("Ending Weights After Training: ")

print(neural network.synaptic_weights)

user_input_one = str(input("User Input One: "))

user_input_two = str(input("User Input Two: "))

user_input three = str(input("User Input Three: "))

print("Considering New Situation: ", user input one, user_input two, user_input_three)
print("New Output data: ")

print(neural network.think(np.array([user input one, user input two, user_input three])))

Output:

Beginning Randomly Generated Weights:
[[0.18138631]

[0.03957296]

[0.68171289]]

Ending Weights After Training:
[[10.08723627]

[-0.20745403]

[-4.83719347]]

User Input One: 2

User Input Two: 3

User Input Three: 2

Considering New Situation: 2 3 2
New Output data:

[0.9999487]
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PRACTICAL NO: 5
Aim: Implement the SVM algorithm for binary classification. Train a SVM Model using
the given dataset. Evaluate the performance on test data and analyze the results.

Importing Libraries

from warnings import filterwarnings
filterwarnings{"ignore")

pip install skompiler

Collecting skompiler

Downloading skempiler-g8.6.tar.gz (45 kB)

| N | : ke c5s ke

Reguirement =2lready satisfied: scikit-learnz=8.22 in fopt/conda/lib/python3.7?/sit
e-packages {from skompiler) (8.23.2)
Requirement slready satisfied: joblibs=8.11 in foptfconda/lib/python3.7/site-pack
ages (from scikit-learn»=8.22-3skompiler) (1.8.1)
Reguirement slready satisfied: scipy»=8.1%.1 in Sopt/Scondai/libSfpython3.7/site-pac
kages (from scikit-learnz=8.22-rskompiler) {1.6.3)
Requirement s=lready satisfied: numpy»=1.13.3 in Sfopt/condaflib/python3.7fsite-pac
kages (from scikit-learn»=8.22-zskompiler) {1.12.5)
rRequirement zlready satisfisd: threadpoolctl:=2.8.8 in fopt/condaflib/python3.7/s
ite-packages (from scikit-learn>=8.22-xskompiler) {2.1.8}
Building wheels Tor collected packages: skompiler

Building wheel for skompiler (setup.py) ... -E 2\E Edone

Created wheel for skompiler: Tilename=SKomgiler-8.6-py3-none-any.whl size=S54265
sha2se=p48TbasacaBeicefe23274T 204496207 8T3T142124b4620ceasaa8aT4atoache

Stored in directory: froot/.cache/pip/wheels/47/ic/59/beaa73efiafd2144badBsadTse
bie7bE12486c9d4c1bdacfacs
Successfully built skompiler
Installing collected packages: skompiler
Successfully installed skompiler-8.6

Mote: you may need te restart the kermel to use uwpdated packagss.

import pandas as pd

import numpy 35 np

import matplotlib.pyplot as plt

import seaborn as sns

import statsmodels.apl as sm

import statsmodels.Tormula.api as smf

from sklearn.linear_model import LogisticRegression,logisticRegressioncV
from sklearn.metrics import mean_squared_error,r2_score

from sklearn.model_selection import train_test split,cress_val score,cross_wal_g
from sklearn.decompesition import PCA

from sklearn.tree import DecisionTreecClassifier

from sklearn.preprocessing import scale

from sklearn import model selecticn

from sklearn.metrics import roc_auc_score;roc_curve

from sklearn import preprocessing

from sklearn.metrics import classificatieon_report

from sklearn.metrics import confusion matrix,accuracy_score

from sklearn.neighbors import KMeighborsclassifier

from sklearn.emsemble import RandomForestClassifier,BaseEnsemble,GradientBoostir
from sklearn.svm import SVC,Linearswvc

import time

from matplotlib.colors import ListedColoreap

from xpgboost import XGBRegressor
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from skompiler import skompile
from lightgbm import LGBMRegressor

Inorder to see all rows and columns, we will increase max display numbers of dataframe.

pd.set_option{ 'display.max_rows', 1858)
pd.set_option{ display.max_columns®, 1288}
pd.set_option{'display.width', 1eea)

Support Vector Machines - Classifier(SVM) -
Linear Kernel

lllustrative example:

5WR Prediction

50 A L] L] L] L] L] L]

Howuse Price (Thousands of Dallars)

Photo is cited by:hitps://towardsdatascience.com/an-intreduction-to-support-vector-
regression-swr-a3ebc1672c2

df = pd.read_csv{".. /input/pima-indians-diabetes-database/diabetes.csu”)
df .head(}
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Pregnancies Glucose BloodPressure S5kinThickness Insulin

L] & 148 72
1 1 a5 66
2 3 183 64
3 1 a9 66
4 v} 137 40
df . shape

{768, 9}

df .describe()}

Pregnancies Glucose BloodPressure
count  T62.000000 T462.000000 T68.000000
mean 3.845052 120894531 69105469

std 3369573 31.972818 10355807
min 0.000000 0.000000 0000000
25% t.000000  09.000000 62.000000
50% 3.000000  117.000000 72000000
75% G.000000 140250000 20.000000
max 17.000000  109.000000 122.000000

¥ = df .drop({ Outcome” ,axis=1)

35 0

29 o

0 0

23 94

35 168

SkinThickness

THE.000000

20.536458

159522128

0.000000

0.000000

23000000

32.000000

09.000000

y= df["outcome”™] #we will predict outcome(digbetes)

BY: - PROF. HASAN PHUDINAWALA

EMI DiabetesPedigreef

336

26.6

23.3

281

431

Insulin

TGE.000000

79.790479

115244002

0.000000

0.000000

30.50:0000

127.250000

246.000000

TE3.000000

31.092578

T7.884160

0.000000

27.300000

32.000000

346.600000

67100000

Mow we're going to split our datasei to train and test set. We will choose almost 20% of

dataset as test size.

¥_train = X.iloc[:688]
¥ test = X.iloc[E8@:]
y train = y[:688]
y test = y[e88:]

print{"X_train shape: ",X_train.shape}
print{"x_test shape: ",x_test.shape)
print("y_train Shape: ",y_train.shape}
print({"y_test shape: ",y_test.shape)

% train shape: (688, B)
X _te=t Shape: (168, B)
y_train shape: (688, }
y_test shape: (1688,)
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In |2&]: support wvector classifier = SWC{kernel="linear"}.fit(X_train,y_train)

We also coutd use sym.LinearSVC() function directly.

Im [11]: support wvecter_ classifier

Out[11]: sWC{kermel="linear')

In [12]: # Default C
support_wvector_classifier.cC

put(12]: 1.8

Prediction

In [13]: support vector classifier
Out[13]: s¥C{kermel="linear'}

Because we are doing a classification case, we will create a confusion matrix in order to
evaluate out model.

Im [14]: w pred = support_vector classifier.predict{X test)
In [13]: cm = comfusion_matrix{y test,y pred)

[16]: wm

Jut[16]: array({[96, 12],
[z7, 32110

* true positive: for comrectly predicted event values.

+ false positive: for incorrectly predicted event values.

* true negative: for correctly predicted no-event values.

+ false negative: for incorrectly predicted no-event values.

Positive Negative

'r.-'! [ '.',-,-\.
Positive

Negative

Photo is cited by here,

Im [17]: print("our Accuracy is: ", (cm[@][@]+ce[1][1])}/(cmla][el+cm[1][1]+cm[@]}[1]+cm[1]

Qur Accuracy 1s:i @.757857142E571429
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accuracy_scorely_test,y pred)

B.7678571423571429

prinmt{classification_report(y_test,y_pred}}

precision recall fi-score support

8.78 8.89 B8.83 ias

1 2.73 8.55 B.63 e

CCUPACY 8.77 168
BaLro ave a.76 8.72 B.73 168
weighted avg 8.76 8.77 B.76 158

Model Tuning & Validation

support_vector_classifier
swi{kernel="l1linear"}

Mow we will try to tune our model by using K-Fold Cross Validation.

accuracies= cross_val_score(estimator=support_vector_classifier,
X=x_traim,y=y_train,
cv=1a})

print{"average Accuracy: {:.27} E".format{accuracies.mean({)*188))

print({"standart Deviation of Accuracies) {:.2T} X" .format{accuracies.std{)}*188)]

Average Accuracy: F7.33 ¥
Standart Deviation of Accuracies: 4.98 %

support_wvector_classifier.predict{x_teszt)[:18]
array([e, @, 8, 1,1, &, 1, &, 1, 8])

Mow we will tune cur model with GridSearch.

sym_params ={"C":np.arange(l,28)}

sym = SVC{kernel="lin=ar")}
sym_cv = GridsearchCyV{svm,svm_params,cv=8}

start_time = time.time()
sym_cw . Fit{X train,y train)
elapsed_time = time.time{) - start_time

print{f"Elapsed time for Support Vector Regression cross validation:
T"{elapsed time:.3T} seconds™)

Elapsed time for Support Vector Regression cross validation:d 4895.631 seconds

#hest score
sym_cw.best_score_

SEMV USCSP501 ARTIFICIAL INTELLIGENCE BY: - PROF. HASAN PHUDINAWALA
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B.7T16666666666667

#hest porameters
sym_cv.best _params_

ol e 3

svm_tuned = SVC(kernel="l1linesr”,C=2).Tit{X_train,y train)
sym_tuned

SwC(C=2, kernel="linear")

y_pred = svm_tuned.predict(x_test)

om = confusion_matrix{y test,y pred)

om

array([[o6, 12],
[z7; 3311)

* true positive: for comrectly predicted event values.

* false positive: for incorrectly predicied event values,

* true negative: for correctly predicted no-event values.

* false negative: for incorrectly predicted no-event values.

print{"our Accuracy is: ", (cm[@][e]+ce[1][2])}/(cmial[e]l+cm[1][1]+cm[@}[1]+cm[1]
Qur Accuracy is: @.7678571428571429

accuracy_scorely_test,y_pred)

B.7678571428571429

print{classification_report(y_test,y pred))

precision recall fTi-score support

a8 8.78 8.38 8.83 188

1 8.73 a8.55 B8.63 (1=

BCcuracy B.77 168
BaCLro avg B.76 8.72 8.73 168
weighted avg B.76 8.77 B.76 168
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PRACTICAL NO: 6
AIM: Adaboost Ensemble Learning

e Implement the Adaboost algorithm to create an ensemble of weak classifiers.

e Train the ensemble model on a given dataset and evaluate its performance
e Compare the results with individual weak classifiers

Requirement:

Code:

import pandas

from sklearn import model selection

from sklearn.ensemble import AdaBoostClassifier

url = "https://raw.githubusercontent.com/jbrownlee/Datasets/master/pima-indians-
diabetes.data.csv"

names = ['preg’, 'plas’, 'pres', 'skin', 'test', 'mass', 'pedi', 'age', 'class']

dataframe = pandas.read csv(url, names=names)

array = dataframe.values

X =array/[:,0:8]
Y = array][:,8]
seed =7

num_trees = 30

#kfold makes trees with split number.

#kfold = model_selection.KFold(n splits=10, random_state=seed)

#n_estimators : This is the number of trees you want to build before predictions.
#Higher number of trees give you better voting optionsand perfomance performance
model = AdaBoostClassifier(n_estimators=num_trees, random_state=seed)
#cross_val score method is used to calculate the accuracy of model sliced into x, y
#cross validator cv is optional cv=kfold

results = model selection.cross val score(model, X, Y)

print(results.mean())

Output:
AMDb4) | on win3Z
Type "help", "copyright"”, "credits"™ or "license()" for more
>>>
=========================== RESTART: C:\Hasan\code.py
0.7617774382480265
>>>||
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PRACTICAL NO: 7
AIM: Naive Bayes' Classifier
e Implement the Naive Bayes algorithm for classification.
e Trin a Naive Bayes' model using a given dataset and calculate class probabilities.
e Evaluate the accuracy of the model on test data and analyze the results.

Requirement: disease dataset

Code:

In [1]: dimpeort pandas as pd
import matplotlib.pyplot as plt
from sklearn.model selection import train_test _split
from sklearn.naive_bayes import MultinomialNB, CategoricalNB, GaussianNB
from sklearn.metrics import accuracy score
impert seaborn as sns

In [2]: # Lloaod the disegse dotoset
df = pd.read_csv('disease.csv’)

In [4]: df.head{11)

Qut[4]:
o Sore Throat Fever Swollen Glands Congestion Headache Diagnosis
0 Yes  Yes Yes Yes Yes Strep throat
1 MNo Mo Mo Yes Yes Allergy
2 Yes  Yes No Yes Mo Cold
3 Yes Mo ‘fes Mo Mo Strep throat
4 Mo  Yes No Yes Mo Cold
a Mo Mo Mo Yes Mo Alleragy
6 Mo No Yes No Mo Sirep throat
7 Yes MNo Mo Yes Yes Allergy
8 Mo Yes No Yes Yes Cold
9 Yes Yes No Yes Yes Cold
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In [5]:

out[5]:

In [6]:

In .[7]:

In [8]:

df .tail()

Sore Throat Fever Swollen Glands Congestion Headache Diagnosis

5 Mo Mo MNo Y85 Mo Allergy
6 No Mo Yes Mo Mo Strep throat
7 Yes Mo Mo Yes Yes Allergy
8 Mo Yes Mo as Yes Cold
L Yes  Yes Mo Y85 Yes Cold
df .info()

¢class "pandas.core.frame.DataFrame’>
RangeIndex: 18 entries, @ to 9
Data columns (total 6 columns):

#  Column Mon-MNull Count Dtype
& Sore Throat 18 non-null object
1 Fever 18 non-null object
2 Swollen Glands 18 non-null object
3 Congestion 18 non-null object
4  Headache 18 non-null object
s Diagnosis 18 non-null object

dtypes: objectis)
memory usage: 698.8+ bytes

#Changing the Daototypes of all the columns from object to int
from sklearn.preprocessing import LabelEncoder
le=LabelEncoder ()

df['Sore Throat']=le.fit_transform{df[’'Sore Throat'])

df ["Fever']=le.fit_transform(df[ Fever'])

df ["Swollen Glands®]=le.fit_transform{df["Swollen Glands®])
df [*Congestion']=le.fit transform(df['Congestion’])

df ["Headache']=1le.fit_transform{df[ "Headache'])

df ["Diagnosis‘®]=le.fit_transform{df['Diagnosis*])

df .infao()

<class 'pandas.core.frame.DataFrame'>
Rangelndex: 18 entries, & to 9
Data columns (total 6 columns):

#  Column Mon-MWull Count Dtype
a Sore Throat 18 non-null int3z
i Fevepr 18 non-null int3z
2 Swollen Glands 18 non-null int32
3 Congestion 18 non-null int3z2
4 Headache 18 non-null int3z
T Diagnosis 18 non-null int3z

dtypes: int32(8)
memory usage: 368.8 bytes
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In [2]: df.head(11)

out[9]:

In [13]:

ARTIFICIAL INTELLIGENCE

BY:

- PROF. HASAN PHUDINAWALA

Sore Throat Fever Swollen Glands Congestion Headache Diagnhosis
1] 1 1 1 1 1 2
1 a 0 ] 1 1 0
2 1 1 o 1 ] 1
3 1 0 1 ] 0 2
4 a 1 1 1
5 0 0 1 ] a
Li] o 1] 1 1] ] 2
T 1 1] 0 1 1 0
8 0 1 i 1 1 1
o 1 1 o 1 1 1

#setting the dimenions of the plot
fig,ax=plt.subplots(figsize=(6,6))
.countplot{x=df[ "Sore Throat"],data=df)

sns
plt
plt
plt
plt

.title{"Category wise count of 'Sore Throat'")

.xlabel("category")
.ylabel("Count™)
.show()

Category wise count of 'Sore Throat'

category
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In [14]: fig,ax=plt.subplots(figsize=(6,6))
sns.countplot (x=df['Fever'],data=df)
plt.title("Category wise count of *Fever'")
plt.xlabel(“category™)
plt.ylabel{"Count™)
plt.show()

Category wise count of 'Fever'

category

In [15]: fig,ax=plt.subplots({figsize=(6,6))
sns.countplot(x=df[ "Swollen Glands'],data=df)
plt.title("“Category wise count of ‘'Swollen Glands' ™)
plt.xlabel{("category")
plt.ylabel (" Count™)
plt.show()

Category wise count of 'Swollen Glands'

Count

category

Page | 26



TYCS SEMV

in [16]: Filg.
ENE .
pLE.
ple.
plt.
plt.
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ax=plt .subplots{flgslze={6,5})

countplot{x=df [ "'Congestion"],data=df)
title{"Category wise count of "Congestion®™)
X*labal{"categor ¥~}

ylabel{"Count™}

show )

Category wise count of 'Congestion’

In [17]: fig,ax=plt.subplots(figsize=(6,6))
sns.countplot (x=df["Headache'],data=df)
plt.title("Category wise count of "Headache'™)
plt.xlabel(“category™)
plt.ylabel{"Count™)

plt

Count

.show()

Category wise count of 'Headache’

category
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In [18]: fig,ax=plt.subplots(figsize=(6,6))
sns.countplot(x=df[ "Diagnosis"],data=df)
plt.title{("Category wise count of °"Diagnosis'™)
plt.xlabel(“category™)
plt.ylabel("Count™)
plt.show()

Category wise count of 'Diagnosis’

Count

category

In [19]): X=df.drop('Diagnosis®,axis=1)
y-df ['Diagnesis')

In [21]: #Training algorithm
classifier=MultinomialhB()
classifler,fit(X,y)

Out[Z1]: MultinomialNB()
In [S4]: #Training algorithm
tlassifier-CategoricalNB()
classifier.fit(X,y)
Out[54]: Categoricallg()
It [27]: #Training algorithm
classifier=GaussianNB()
classifier.fit(X,y)
Out[27]: GaussianNB()
In [55]: from sklearn.model_selection import train_test split

from sklearn.naive bayes import MultinomialNB
from sklearn.metrics import classification_report,accuracy score,confusion_matrix,precision score,recall score,fl score

In [56]: X_train,X_test,y train,y test=traln_test_split(X,y,test_size=0.2)
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In [57]: classifier=MultinomialNB()
classifier.fit(X_train,y train)
y_pred=classifier.predict(X_test)
print("confusion matrix\n",confusion_matrix(y test,y pred))
print("Accuracy:",accuracy_score(y_test,y pred))
print("Precision:”,precision_score(y test,y pred))
print("Recall:",recall score(y test,y pred))
print("F1 score:",f1_score(y_test,y pred))
print("Classification report:]n”,classification_report(y_test,y pred))

confusion matrix

(11 8]
[ 1]]

Accuracy: 1.8

Precision: 1.8

Recall: 1.8

Fi score: 1.8

Classification report:]n precision  recall fi-score support
1 1.60 1.08 1.66 1
Z 1.66 1.08 1.80@ 1
accuracy 1.06 2
macro avg 1.008 1.00 1.06 2
weighted avg 1.48 1.08 1.06 2
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PRACTICAL NO: 8
Aim:- Implement the K-NN Algorithm for classification or regression.
Apply K-NN Algorithm on the given dataset & predict the class or value for test data.

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt
plt.style.use( 'pgplot” )

df = pd.read_csv('C:/Users/RONC/Desktop/diabetes.csv’)
df .head{ )

Pregnancies Glucose BloodPressure SkinThickness Insulin BMI DiabetesPedigreefunction Age

o 6 148 T2 i5 o 336 0627 50

1 1 B5 b6 24 0 266 0351 E &

2 B 183 = 0 o 233 a7z 32

3 1 89 b5 23 94 281 wier 21

4 [i] 137 40 is 168 431 2288 33
i 1 4

df.shape

(768, 9)

df .dtypes

Pregnancies intbd

Glucose intsd

BloodPressure int6d

SkinThickness inted

Insulin int&d

BMI floatsd

DiabetesPedigreeFunction floated

hpe intod

Out come inted

dtype: object

w= df.drop('Outcome’ ,axis=1).values
y = df[ "Outcome’ | .values

from sklearn.model selection import train_test_split
®x_train,x test,y_train,y_test = train_test split{x.vy,test_size=8.4,random_state=42, si

from sklearn.neighbors import KNeighborsClassifier
neighbors = np.arange(1,9)

train_accuracy = np.empty(len{neighbors})
test_accuracy = np.empty(len{neighbors} )

for i,k in enumerate{neighbors}):
#ietup g knn clossifier with k neighbors

knn = KMeighborsClassifier{n_neighbors=k)
#Fit the model

knn.fit{X train, y _train)

#lompute gccurgcy on the troining set
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train_accuracy[i] = kmn.score(X_train, y_train}
#fompute occurdcy on the test set
test_accuracyfi] = kmn.score(X_test, y _test)

plt.title( 'k-NN Varying number of neighbors®)
plt.plotineighbors, test_accuracy, label="Testing Accuracy’)
plt.plot{neighbors, train_accuracy, label="Training accuracy’)
plt.legend()

plt.xlabel{ 'Number of neighbors')

plt.ylabel( 'Accuracy')

plt.show( )
M G MUsersiLenovolDownlcads/Praclical no B- K-NEAREST NEIGHEDUR himi 436
k-NN Varying number of neighbors
1,00 - —— Testing Accuracy
—— Training accuracy
0.95 -
0.90

Mumber of neighbors

krnn = KNeighborsClassifier{n_neighbors=7)

knn. fit{X_train,y_train)

EMeighborsClassifier(n_neighbors=7)

knn.score(X_test,y_test)

C:\Users\RONC\anaconda3d\lib\site-packages\sklearn\neighborsl_classification.py:228: F
utureWarning: Unlike other reduction functions (e.g. “skew , “kurtosis’ ), the default
behavior of “mode” typically preserves the axis it acts along. In SciPy 1.11.8, this
behavior will change: the default value of "keepdims™ will become False, the "axis™ o
ver which the statistic is taken will be eliminated, and the walue None will no longe
r be accepted. Set "keepdims™ to True or False to awoid this warning.
mode, = stats.mode{ y[neigh_ind, k], axis=1)
9.7142857142857143

from sklearn.metrics import confusion_matrix

y_pred = knn.predict{X_test)
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confusion matrix{y test,y pred)

array({[[163, 43],
[ 45, 57]], dtype=intéd)

from sklearn.metrics import classification_report

print{classification report(y test,y pred))

precision recall fl-score  support

8 a.78 B.79 B.7% 286

1 8.57 B.56 8.5 182

ACCuracy 8.71 Elsh]
macra avg 8.68 B. 68 8.68 168
weighted avg @.71 B.71 @.71 388

y pred proba = knn.predict probalX test)[:,1]

from sklearn.metrics import roc_curve

fpr, tpr, thresholds = roc_curve(y_test, y pred proba)

plt.plot([8,1],(8,1], k--")
plt.plot{fpr,tpr, label="Knn')
plt.xlabel( 'fpr’)

plt.ylabel( 'tpr")

pli.title{ "Enn{n_neighbors=7) ROC curve')
plt.show! )
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Knn{n_neighbors=7) ROC curve

1.0

0.8

0.6 -

tpr

0.0 0.2 0.4 0.6 0.8 Lo
fpr

from sklearn.metrics import roc_auc_score
roc_auc_score{y_test,y_pred proba)

B.7536645726251665
from sklearn.model_selection import GridSearchiV
param_grid = {'n_neighbors®:np.arange(1,58)}

knn = KNeighborsClassifier()
knn_cv= GridSearchCV({knn,param_grid,cv=5)
knn_cv.Fit{x,y)

GridsearchiV(cv=5, estimator=KNeighborsClassifier(),
param_grid={'n_neighbors': array{[ 1, 2, 3, 4, 5 & 7, 8, 9§, 1
8, 11, 12, 13, 14, 15, 16; 17,

18, 19, 28, 21, 22, 23, 24, 25, 26, 27, 28, 29, 38, 31, 32, 33, M,
35, 36, 37, 38, 39, 48, 41, 42, 43, 44, 45, 46, 47, 48, 49])})

knn_cv.best score_

8.7578558696.285755

knn cv.best params

{'n_neighbors': 14}
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PRACTICAL No: 9
Aim: Implement the Association Rule Mining algorithm (e.g. Apriori) to find frequent
dataset. Generate association rules from the frequent item set and calculate their support.

In [1]:

# This Python 3 environment comes with many helpful analytics libraries instaolled

# It is defined by the kaggle/python Docker image: https://github.com/kaggle/docker-pyt
hon

# For example, here's several helpful packages to load

# Input data Files are available in the read-only "../input/" directory
# For example, runming this (by clicking run or pressing Shift+Enter) will List all fil
es under the input directory

import os
for dirname, , filenames in os.walk('/kaggle/input"):
for filename in filenames:
print{os.path.join(dirname, filename})

# You can write up to 5GB to the current directory (/kaggle/working/) that gets preserv
ed os output when you cregte o version using "Save & Run ALL"

# You can also write temporary files to fkaggle/temp/, but they won't be soved cutside
of the current session

fkaggle/input/groceries-dataset/Groceries dataset.csv

Importing libraries

In [2]:

import numpy as np

import pandas as pd

import plotly.graph_objects as go
import plotly.express as px

try:

import apyori
except:

lipip install apyori

from apyori import apriori

Collecting apyori
Downloading apyori-1.1.2.tar.gz (8.6 kB)
Building wheels for collected packages: apyori
Building wheel for apyori (setup.py) ... -B B\E Bdone
Created wheel for apyori: filename=apyori-1.1.2-py3-none-any.whl size=59
74 sha256=5819b318291b263ba58838396c358d49aa0ca7e69e45681629211838619c581d4
Stored in directory: Sroot/.cache/pip/wheels/ch/f6/el/57973c631d27efd1a2
t375bdeaB3b2a616c4021f24aab84080
Successfully built apyori
Installing collected packages: apyori
Successtully installed apyori-1.1.2
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Loading Dataset

In [3]:

ARTIFICIAL INTELLIGENCE
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df = pd.read_csv('../input/groceries-dataset/Groceries_dataset.csv', parse_dates=['Dat

e'])

e
df .head()
Out[3]:

Member_number Date itemDescription
0 1808 2015-07-21 tropical fruit
1 2552 2015-05-01 whole milk
2 2300 2015-09-19 pip fruit
3 1187 2015-12-12  other vegeiables
4 3037 2015-01-02 whole milk

Any null values

In [4]:
df.isnull().any()
Out[4]:

Member_number
Date
itemDescription
dtype: bool

Total Products

In [5]:

all products = df['itemDescription’].unique()
print{"Total products: {}".format(len{all products)))

False
False
False

Total products: 167
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Top 10 frequently sold products

In [6]:

def ditribution_plot(x,y,name=None,xaxis=None,yaxis=None):
fig = go.Figure([
go.Bar(x=x, y=y)
D

fig.update layout(
title text=name,
xaxis title=xaxis,
yaxis title=yaxis

)

fig.show()
In [7]:
x = df["itemDescription’ ].value counts()
X

x.sort_values(ascending = False)
x[:18]

ditribution plot(x=x.index, y=x.values, yaxis="Count”, xaxis="Products")

Count

2500
2000
) |||||||| “““‘\ ‘lllllll\
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One-hot representation of products purchased

In [8]:

one_hot = pd.get dummies{df[ itemDescription’])
df.drop{'itemDescription’, inplace=True, axis=1)
df = df.join{one hot)

df .head()
Out[8]:
Instant . ; :
UHT- abrasive artif. baby baking E

Mcmper sunlex” Pilly products milk cleaner sweetener cosmetics bags powder
0 1508 200> 0 0 0 0 o 0 0
1 2 Bk 0 o 0 0 0 o 0
2 200 20t 0o 0 0 0 0o 0 0
3 ng7 351 0 o 0 0 0o o 0
4 3037 24t 0 o0 0 0 0 0 0

5 rows = 169 columns

Transactions

Note: if a customer bought multiple products on same day, We will consider it one transaction

In [2]:
records = df.groupby(["Member number","Date"])[all products]:]].apply{sum)
records = records.reset_index()[all products]
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In [1€]:

## Replacing non-zero values with product names
def get Pnames(x):
for product in all products:
if x[product] » &:
x[product] = product
return x

records = records.apply(get Pnames, axis=1)
records.head()

Out[1e]:
tropical whole pip other pot citrus 2

fruit  milk fruit vegetables rolls/buns plants  fruit beef frankfurter chicken ..
0 ”ﬁﬁ 0 0 o 0 0 0 0 0
1 0 ﬂm: 0 0 o o0 0 o 0 0
2 i ] 1] 0 0 ] 1] ] ] | A
3 0 ] 0 0 0 ] 0 ] i] o ..
4 0 ] ] 0 0 ] 0 ] ] | -

§ rows = 167 columns

In [11]:
print("total transactions: {}".format(len{records)}))

total transactions: 14983

In [12]:

## Removing zeros

® = records.values

% = [sub[~(sub == @)].tolist() for sub in x if sub[sub != @].tolist()]
transactions = x
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Example transactions

In [13]:
transactions[@:1@]
Out[13]:

[[ 'whole milk®, ‘pastry’, 'salty snack'],

[ 'whole milk®, ‘yogurt®', ‘sausage', 'semi-finished bread'],
["soda’, 'pickled wegetables'],

["canned beer', 'misc. beverages'],

["sausage’, 'hygiene articles'],

['whole milk', ‘rolls/buns®, ‘sausage'],

[ ‘whole milk', 'soda’],

["frankfurter', "soda', 'whipped/sour cream'],

[ “frankfurter®', ‘curd'],

[‘beef’, ‘white bread']]

Association Rules

In [14]:

. HASAN PHUDINAWALA

rules = apriori(transactions,min_support=0.00038,min_confidance=0.05,min_lift=3,min_len

gth=2,target="rules")
association results = list(rules)

In [15]:
for item in association_results:
pair = item[@]

items = [x for x in pair]
print{"Rule: " + items[@] + " -> " + items[1])

print{"Support: " + str(item[1]))
print{"Confidence: " + str(item[2][@][2]))

print("Lift: " + str(item[2][@][3]))
print("============== . s
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Rule: specialty chocolate -» frozen fish
Support: 8.9083341575887188398
Confidence: 8.849019687843137254

Lift: 3.8689555157198907

Rule: liver loaf -» fruit/vegetable juice
Support: 8.008428923918646268775
Confidence: 8.211787819253438114

Lift: 3.52752278978389

Rule: pickled wegetables -> ham
Support: 2.98085346521419581437
Confidence: ©8.8312%

Lift: 2.48958559798149254

Rule: roll products -> meat
Support: 2.90083341575887188398
Confidence: 8.8193841269841269844
Lift: 2.628547812528954

Rule: misc. beverages -» salt
Support: 2.90083341575887188398
Confidence: 8.8211864485773661
Lift: 2.5619485827451437

Rule: spread cheese -»> misc. beverages
Support: €.0983341575887188398
Confidence: 8.8211364485773661

Lift: 2.170127118644868

Rule: soups -»> seasonal products
Support: 8.00833415758871883098
Confidence: ©8.84716981132875471
Lift: 14.704285074842766

Rule: spread cheese -> sugar
Support: 8.00848092918646268775
Confidence: B8.8&

Lift: 3.2878498566037733

Rule: sausage -»> butter

Support: €.00823415758871883098
Confidence: B8.887374631268436578
Lift: 3.2858554368833285

Rule: whole milk -»> hard cheese
Support: 8.80833415758871883938
Confidence: @.287374631268436578
Lift: 3.94895827391483756

Rule: frozen vegetables -»> canned beer
Support: 8.808334157588718839%38
Confidence: ©.285330994671483198

Lift: £.644216163418383

Rule: sausage -» canned beer
Support: @.008480953918646268775
Confidence: 8.810557193605683837
Lift: 4.389326708598467

Rule: butter -» frankfurter
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Support: 8.8883341575887188398
Confidence: ©.889487666834155597
Lift: 3.888172758823265

Rule: yogurt -»> canned beer
Support: 8.80833415758871883938
Confidence: 98.219911486844106453

Lift: 4.9846151829828455

Rule: sausage -»> canned beer
Support: 8.80833415758871883938
Confidence: @.887122587122587123
Lift: 2.43787335722819%6

Rule: whole milk -»> canned beer
Support: 8.0084208593218646268775
Confidence: ©.288547288547808546
Lift: 4.913883418883418

Rule: chewing gum -> yogurt
Support: 2.0084208593218646268775
Confidence: ©8.83333333333333333
Lift: 5.732958191578881

Rule: pork -» citrus fruit
Support: 8.0084208593218646268775
Confidence: 6.284669268788389185
Lift: 2.4932873929951887

Rule: rolls/buns -»> frankfurter
Support: 8.80833415758871883938
Confidence: ©.888849557522123895
Lift: 2.6782282556533843

Rule: frankfurter -» soda
Support: 8.8083341575887188398
Confidence: 8.218578824524312895
Lift: 2.438585377332475

Rule: sausage -»> pastry

Support: 2.80@3341575887188398
Confidence: 8.81857@824524312895
Lift: 2.2952343199436225

Rule: sausage -» curd

support: ©.0883341575837185398
Confidence: 0.889928634928634922
Lift: 5.4978689€0645679

Rule: sausage -» curd

support: @.0883341575837185398
Confidence: 0.889928634928634922
Lift: 5.381515439989293

Rule: sausage -» curd

support: ©.08846782062428637575
Confidence: 9.887751937984495124
Lift: 2.4115367@778633383

Rule: sausage -»> hard cheese
support: ©.0883341575837185398

BY: - PROF. HASAN PHUDINAWALA
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Confidence: @.822727272727272728
Lift: 2.7785353535353536

Rule: pip fruit -»> ice cream
Support: 8.88833415753871883098
Confidence: 8.8220826431718261675
Lift: 4.453284824258686

Rule: shopping bags -»> margarine
support: @.8882341575887188398
Confidence: ©8.818373443982348249
Lift: 2.1843558464738287

Rule: sausage -»> margarine
Support: @.08048893918646268775
Confidence: 8.8866445182724252485
Lift: 2.186535215945843

Rule: sausage -» pastry

Support: 2.8883341575857188398
Confidence: ©8.8856459948328413437
Lift: 2.588887556235847

Rule: onicns -» yogurt

support: @.8883341575887188398
Confidence: 9.816501658155816504
Lift: 2.16556655665506657

Rule: sausage -»> waffles
Support: @.8883341575387188398
Confidence: 8.882736726874657983
Lift: 2.£1247835212552465

Rule: yogurt -» other vegetables
support: @.8883341575887188398
Confidence: 9.83333333333333332
Lift: 4.122838567493113

Rule: pork -» sausage

Support: @.080488939128646268775
Confidence: 8.28466926078@389185
Lift: 2.8376586826085312

Rule: whole milk -»> pastry
Support: 2.8883341575887188398
Confidence: ©8.8854599483208413437

Lift: 5.685894512843897

Rule: sausage -»> whole milk
support: @.8883341575887188398
confidence: 9.885537893568354374
Lift: 4.142588287929125

BY: - PROF. HASAN PHUDINAWALA
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