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1. Write a program to implement simple linear regression. 

 

Source code: 

 

import numpy as np 

import matplotlib.pyplot as plt 

def estimate_coef(x, y): 

    n = np.size(x) 

    m_x = np.mean(x) 

    m_y = np.mean(y)  

    SS_xy = np.sum(y*x) - n*m_y*m_x 

    SS_xx = np.sum(x*x) - n*m_x*m_x 

    b_1 = SS_xy / SS_xx 

    b_0 = m_y - b_1*m_x 

    return (b_0, b_1) 

  def plot_regression_line(x, y, b): 

    plt.scatter(x, y, color = "m", 

      marker = "o", s = 30) 

     y_pred = b[0] + b[1]*x 

    plt.plot(x, y_pred, color = "g") 

    plt.xlabel('x') 

    plt.ylabel('y') 

    plt.show() 

   def main(): 

    x = np.array([0, 1, 2, 3, 4, 5, 6, 7, 8, 9]) 

    y = np.array([1, 3, 2, 5, 7, 8, 8, 9, 10, 12]) 

    b = estimate_coef(x, y) 

    print("Estimated coefficients:\nb_0 = {}  \ 

    \nb_1 = {}".format(b[0], b[1])) 

    plot_regression_line(x, y, b) 

if __name__ == "__main__": 

    main() 

 

 

 

 

 

  



Output: 

 

  



2. Write a program to implement  multivariate linear regression 

Sourcecode: 

import numpy as np 

import matplotlib as mpl 

from mpl_toolkits.mplot3d import Axes3D 

import matplotlib.pyplot as plt 

 

def generate_dataset(n): 

    x = [] 

    y = [] 

    random_x1 = np.random.rand() 

    random_x2 = np.random.rand() 

    for i in range(n): 

        x1 = i 

        x2 = i/2 + np.random.rand()*n 

        x.append([1, x1, x2]) 

        y.append(random_x1 * x1 + random_x2 * x2 + 1) 

    return np.array(x), np.array(y) 

 

x, y = generate_dataset(200) 

 

mpl.rcParams['legend.fontsize'] = 12 

 

fig = plt.figure() 

ax = fig.gca(projection ='3d') 

 

ax.scatter(x[:, 1], x[:, 2], y, label ='y', s = 5) 

ax.legend() 

ax.view_init(45, 0) 

 

plt.show() 

 

  



output:  

 

  



3(a) Write a program to implement simple logistic regression. 
 

Sourcecode: 

import numpy as np 

import pandas as pd 
import matplotlib.pyplot as plt 
%matplotlib inline 
import os 
path = os.getcwd() + '\data\ex2data1.txt' 
data = pd.read_csv(path, header=None, names=['Exam 1', 'Exam 2', 'Admitted']) 
data.head() 

positive = data[data['Admitted'].isin([1])] 
negative = data[data['Admitted'].isin([0])] 

fig, ax = plt.subplots(figsize=(12,8)) 
ax.scatter(positive['Exam 1'], positive['Exam 2'], s=50, c='b', marker='o', 
label='Admitted') 
ax.scatter(negative['Exam 1'], negative['Exam 2'], s=50, c='r', marker='x', 
label='Not Admitted') 
ax.legend() 
ax.set_xlabel('Exam 1 Score') 
ax.set_ylabel('Exam 2 Score') 

def sigmoid(z): 
return 1 / (1 + np.exp(-z)) 
nums = np.arange(-10, 10, step=1) 
fig, ax = plt.subplots(figsize=(12,8)) 
ax.plot(nums, sigmoid(nums), 'r') 

def cost(theta, X, y): 
theta = np.matrix(theta) 
X = np.matrix(X) 
y = np.matrix(y) 
first = np.multiply(-y, np.log(sigmoid(X * theta.T))) 
second = np.multiply((1 - y), np.log(1 - sigmoid(X * theta.T))) 
return np.sum(first - second) / (len(X)) 
data.insert(0, 'Ones', 1) 
cols = data.shape[1] 
X = data.iloc[:,0:cols-1] 
y = data.iloc[:,cols-1:cols] 
X = np.array(X.values) 
y = np.array(y.values) 
theta = np.zeros(3) 

X.shape, theta.shape, y.shape 



cost(theta, X, y) 

def gradient(theta, X, y): 
theta = np.matrix(theta) 
X = np.matrix(X) 
y = np.matrix(y) 
parameters = int(theta.ravel().shape[1]) 
grad = np.zeros(parameters) 
error = sigmoid(X * theta.T) - y 
for i in range(parameters): 
term = np.multiply(error, X[:,i]) 
grad[i] = np.sum(term) / len(X) 
return grad 

import scipy.optimize as opt 
result = opt.fmin_tnc(func=cost, x0=theta, fprime=gradient, args=(X, y)) 
cost(result[0], X, y) 

def predict(theta, X): 
probability = sigmoid(X * theta.T) 
return [1 if x >= 0.5 else 0 for x in probability] 
theta_min = np.matrix(result[0]) 
predictions = predict(theta_min, X) 
correct = [1 if ((a == 1 and b == 1) or (a == 0 and b == 0)) else 0 for (a, b) in 

zip(predictions, y 
)] 
accuracy = (sum(map(int, correct)) % len(correct)) 
print ('accuracy = {0}%'.format(accuracy)) 

 
 
 
output: 

 Exam 1 Exam 2 Admitted 

0 34.623660 78.024693 0 

1 30.286711 43.894998 0 

2 35.847409 72.902198 0 

3 60.182599 86.308552 1 

4 79.032736 75.344376 1 

 

  



 3(b) Write a program to implement multivariate logistics 

regression 

Sourcecode: 

import numpy as np 
import pandas as pd 
import matplotlib.pyplot as plt 
from scipy.io import loadmat 
%matplotlib inline 
data = loadmat('data/ex3data1.mat') 
data 

data['X'].shape, data['y'].shape 

def sigmoid(z): 
return 1 / (1 + np.exp(-z)) 
def cost(theta, X, y, learningRate): 
theta = np.matrix(theta) 
X = np.matrix(X) 
y = np.matrix(y) 
first = np.multiply(-y, np.log(sigmoid(X * theta.T))) 
second = np.multiply((1 - y), np.log(1 - sigmoid(X * theta.T))) 
reg = (learningRate / 2 * len(X)) * np.sum(np.power(theta[:,1:theta.shape[1]], 2)) 
return np.sum(first - second) / (len(X)) + reg 
def gradient_with_loop(theta, X, y, learningRate): 
theta = np.matrix(theta) 
X = np.matrix(X) 
y = np.matrix(y) 
parameters = int(theta.ravel().shape[1]) 
grad = np.zeros(parameters) 
error = sigmoid(X * theta.T) - y 
for i in range(parameters): 
term = np.multiply(error, X[:,i]) 
if (i == 0): 
grad[i] = np.sum(term) / len(X) 
else: 
grad[i] = (np.sum(term) / len(X)) + ((learningRate / len(X)) * theta[:,i]) 
return grad 
def gradient(theta, X, y, learningRate): 
theta = np.matrix(theta) 
X = np.matrix(X) 
y = np.matrix(y) 
parameters = int(theta.ravel().shape[1]) 
error = sigmoid(X * theta.T) - y 
grad = ((X.T * error) / len(X)).T + ((learningRate / len(X)) * theta) 
grad[0, 0] = np.sum(np.multiply(error, X[:,0])) / len(X) 



return np.array(grad).ravel() 
from scipy.optimize import minimize 
def one_vs_all(X, y, num_labels, learning_rate): 
rows = X.shape[0] 
params = X.shape[1] 
all_theta = np.zeros((num_labels, params + 1)) 
X = np.insert(X, 0, values=np.ones(rows), axis=1) 
for i in range(1, num_labels + 1): 
theta = np.zeros(params + 1) 
y_i = np.array([1 if label == i else 0 for label in y]) 
y_i = np.reshape(y_i, (rows, 1)) 
fmin = minimize(fun=cost, x0=theta, args=(X, y_i, learning_rate), method='TNC', 
jac=gradient) 
all_theta[i-1,:] = fmin.x 
return all_theta 
rows = data['X'].shape[0] 
params = data['X'].shape[1] 
all_theta = np.zeros((10, params + 1)) 
X = np.insert(data['X'], 0, values=np.ones(rows), axis=1) 
theta = np.zeros(params + 1) 
y_0 = np.array([1 if label == 0 else 0 for label in data['y']]) 
y_0 = np.reshape(y_0, (rows, 1)) 
X.shape, y_0.shape, theta.shape, all_theta.shape 

np.unique(data['y']) 
np.unique(data['y']) 
all_theta = one_vs_all(data['X'], data['y'], 10, 1) 
all_theta 
def predict_all(X, all_theta): 
rows = X.shape[0] 
params = X.shape[1] 
num_labels = all_theta.shape[0] 
X = np.insert(X, 0, values=np.ones(rows), axis=1) 
X = np.matrix(X) 
all_theta = np.matrix(all_theta) 
h = sigmoid(X * all_theta.T) 
h_argmax = np.argmax(h, axis=1) 
h_argmax = h_argmax + 1 
return h_argmax 
y_pred = predict_all(data['X'], all_theta) 
correct = [1 if a == b else 0 for (a, b) in zip(y_pred, data['y'])] 
accuracy = (sum(map(int, correct)) / float(len(correct))) 
print ('accuracy = {0}%'.format(accuracy * 100)) 
accuracy = 74.6% 

  



output: 

{'__header__': b'MATLAB 5.0 MAT-file, Platform: GLNXA64, Created on: Sun 

Oct 16 13:09:09 2011', 

'__version__': '1.0', 
'__globals__': [], 
'X': array([[0., 0., 0., ..., 0., 0., 0.], 
[0., 0., 0., ..., 0., 0., 0.], 
[0., 0., 0., ..., 0., 0., 0.], 
..., 
[0., 0., 0., ..., 0., 0., 0.], 
[0., 0., 0., ..., 0., 0., 0.], 
[0., 0., 0., ..., 0., 0., 0.]]), 
'y': array([[10], 
[10], 
[10], 
..., 
[ 9], 
[ 9], 
[ 9]], dtype=uint8)} 

 

array([[-3.70247923e-05, 0.00000000e+00, 0.00000000e+00, ..., 
-2.24803603e-10, 2.31962906e-11, 0.00000000e+00], 
[-8.96250745e-05, 0.00000000e+00, 0.00000000e+00, ..., 
7.26120886e-09, -6.19965350e-10, 0.00000000e+00], 
[-8.39553309e-05, 0.00000000e+00, 0.00000000e+00, ..., 
-7.61695539e-10, 4.64917610e-11, 0.00000000e+00], 
..., 
[-7.00832394e-05, 0.00000000e+00, 0.00000000e+00, ..., 
-6.92008993e-10, 4.29241468e-11, 0.00000000e+00], 
[-7.65187921e-05, 0.00000000e+00, 0.00000000e+00, ..., 
-8.09503259e-10, 5.31058709e-11, 0.00000000e+00], 
[-6.63412370e-05, 0.00000000e+00, 0.00000000e+00, ..., 
-3.49765862e-09, 1.13668519e-10, 0.00000000e+00]]) 

 
 

 
 
  



4. Write a program to implement decision trees. 
 
Sourcecode: 

import warnings 
warnings.filterwarnings("ignore") 
# Importing the required packages 
import numpy as np 
import pandas as pd 
from sklearn.metrics import confusion_matrix 
from sklearn.cross_validation import train_test_split 
from sklearn.tree import DecisionTreeClassifier 
from sklearn.metrics import accuracy_score 
from sklearn.metrics import classification_report 
# Function importing Dataset 
def importdata(): 
balance_data = pd.read_csv('https://archive.ics.uci.edu/ml/machine-learning-
databases/balance-sca 
le/balance-scale.data', 
sep= ',', header = None) 
# Printing the dataswet shape 
print ("Dataset Lenght: ", len(balance_data)) 
print ("Dataset Shape: ", balance_data.shape) 
print ("Dataset: ",balance_data.head()) 
return balance_data 
def splitdataset(balance_data): 
X = balance_data.values[:, 1:5] 
Y = balance_data.values[:, 0] 
X_train, X_test, y_train, y_test = train_test_split( 
X, Y, test_size = 0.3, random_state = 100) 
return X, Y, X_train, X_test, y_train, y_test 
def train_using_gini(X_train, X_test, y_train): 
clf_gini = DecisionTreeClassifier(criterion = "gini", 
random_state = 100,max_depth=3, min_samples_leaf=5) 
clf_gini.fit(X_train, y_train) 
return clf_gini 
def tarin_using_entropy(X_train, X_test, y_train): 
clf_entropy = DecisionTreeClassifier( 
criterion = "entropy", random_state = 100, 
max_depth = 3, min_samples_leaf = 5) 
clf_entropy.fit(X_train, y_train) 
return clf_entropy 
def prediction(X_test, clf_object): 
y_pred = clf_object.predict(X_test) 
print("Predicted values:") 
print(y_pred) 
return y_pred 



return y_pred 
def cal_accuracy(y_test, y_pred): 
print("Confusion Matrix: ", 
confusion_matrix(y_test, y_pred)) 
print ("Accuracy : ", 
accuracy_score(y_test,y_pred)*100) 
print("Report : ", 
classification_report(y_test, y_pred)) 
def main(): 
data = importdata() 
X, Y, X_train, X_test, y_train, y_test = splitdataset(data) 
clf_gini = train_using_gini(X_train, X_test, y_train) 
clf_entropy = tarin_using_entropy(X_train, X_test, y_train) 
print("Results Using Gini Index:") 
y_pred_gini = prediction(X_test, clf_gini) 
cal_accuracy(y_test, y_pred_gini) 
print("Results Using Entropy:") 
y_pred_entropy = prediction(X_test, clf_entropy) 
cal_accuracy(y_test, y_pred_entropy) 
if __name__=="__main__": 
main() 
 

 
 
output: 
Dataset Lenght: 625 
Dataset Shape: (625, 5) 
Dataset: 0 1 2 3 4 
0 B 1 1 1 1 
1 R 1 1 1 2 
2 R 1 1 1 3 
3 R 1 1 1 4 
4 R 1 1 1 5 
Results Using Gini Index: 
Predicted values: 
['R''L''R''R''R''L''R''L''L''L''R''L''L''L''R''L''R''L' 
'L''R''L''R''L''L''R''L''L''L''R''L''L''L''R''L''L''L' 
'L''R''L''L''R''L''R''L''R''R''L''L''R''L''R''R''L''R' 
'R''L''R''R''L''L''R''R''L''L''L''L''L''R''R''L''L''R' 
'R''L''R''L''R''R''R''L''R''L''L''L''L''R''R''L''R''L' 
'R''R''L''L''L''R''R''L''L''L''R''L''R''R''R''R''R''R' 
'R''L''R''L''R''R''L''R''R''R''R''R''L''R''L''L''L''L' 
'L''L''L''R''R''R''R''L''R''R''R''L''L''R''L''R''L''R' 
'L''L''R''L''L''R''L''R''L''R''R''R''L''R''R''R''R''R' 
'L''L''R''R''R''R''L''R''R''R''L''R''L''L''L''L''R''R' 
'L''R''R''L''L''R''R''R'] 



Confusion Matrix: [[ 0 6 7] 
[ 0 67 18] 
[ 0 19 71]] 
Accuracy : 73.40425531914893 
Report : precision recall f1-score support 
B 0.00 0.00 0.00 13 
L 0.73 0.79 0.76 85 
R 0.74 0.79 0.76 90 
avg / total 0.68 0.73 0.71 188 
Results Using Entropy: 
Predicted values: 
['R''L''R''L''R''L''R''L''R''R''R''R''L''L''R''L''R''L' 
'L''R''L''R''L''L''R''L''R''L''R''L''R''L''R''L''L''L' 
'L''R''L''R''L''L''R''L''R''L''R''L''R''L''R''L''L''L' 
'L''L''R''L''R''L''R''L''R''R''L''L''R''L''L''R''L''L' 
'R''L''R''R''L''R''R''R''L''L''R''L''L''R''L''L''L''R' 
'R''L''R''L''R''R''R''L''R''L''L''L''L''R''R''L''R''L' 
'R''R''L''L''L''R''R''L''L''L''R''L''L''R''R''R''R''R' 
'R''L''R''L''R''R''L''R''R''L''R''R''L''R''R''R''L''L' 
'L''L''L''R''R''R''R''L''R''R''R''L''L''R''L''R''L''R' 
'L''R''R''L''L''R''L''R''R''R''R''R''L''R''R''R''R''R' 
'R''L''R''L''R''R''L''R''L''R''L''R''L''L''L''L''L''R' 
'R''R''L''L''L''R''R''R'] 
Confusion Matrix: [[ 0 6 7] 
[ 0 63 22] 
[ 0 20 70]] 
Accuracy : 70.74468085106383 
Report : precision recall f1-score support 
B 0.00 0.00 0.00 13 
L 0.71 0.74 0.72 85 
R 0.71 0.78 0.74 90 
avg / total 0.66 0.71 0.68 188 



5. Write a program to implement - Classification Algorithm 
 
Sourcecode: 

%matplotlib inline 
import pandas as pd 
import matplotlib.pyplot as plt 
fruits = pd.read_table('fruit_data_with_colors.txt') 
fruits.head() 
print(fruits.shape) 
print(fruits['fruit_name'].unique()) 
print(fruits.groupby('fruit_name').size()) 
import seaborn as sns 
sns.countplot(fruits['fruit_name'],label="Count") 
plt.show() 
fruits.drop('fruit_label', axis=1).plot(kind='box', subplots=True, layout=(2,2), 
sharex=False, shar 
ey=False, figsize=(9,9), 
title='Box Plot for each input variable') 
plt.savefig('fruits_box') 
plt.show() 
import pylab as pl 
fruits.drop('fruit_label',axis=1).hist(bins=30, figsize=(9,9)) 
pl.suptitle("Histogram for each numeric input variable") 
plt.savefig('fruits_hist') 
plt.show() 
import warnings 
warnings.filterwarnings("ignore") 
from pandas.tools.plotting import scatter_matrix 
from matplotlib import cm 
feature_names = ['mass', 'width', 'height', 'color_score'] 
X = fruits[feature_names] 
y = fruits['fruit_label'] 
cmap = cm.get_cmap('gnuplot') 
scatter = pd.scatter_matrix(X, c = y, marker = 'o', s=40, hist_kwds={'bins':15}, 
figsize=(9,9), 
cmap = cmap) 
plt.suptitle('Scatter-matrix for each input variable') 
plt.savefig('fruits_scatter_matrix') 
from sklearn.model_selection import train_test_split 
X_train, X_test, y_train, y_test = train_test_split(X, y, random_state=0) 
from sklearn.preprocessing import MinMaxScaler 
scaler = MinMaxScaler() 
X_train = scaler.fit_transform(X_train) 
X_test = scaler.transform(X_test) 
from sklearn.linear_model import LogisticRegression 



logreg = LogisticRegression() 
logreg.fit(X_train, y_train) 
print('Accuracy of Logistic regression classifier on training set: {:.2f}' 
.format(logreg.score(X_train, y_train))) 
print('Accuracy of Logistic regression classifier on test set: {:.2f}' 
.format(logreg.score(X_test, y_test))) 
from sklearn.tree import DecisionTreeClassifier 
clf = DecisionTreeClassifier().fit(X_train, y_train) 
print('Accuracy of Decision Tree classifier on training set: {:.2f}' 
.format(clf.score(X_train, y_train))) 
print('Accuracy of Decision Tree classifier on test set: {:.2f}' 
.format(clf.score(X_test, y_test))) 
from sklearn.neighbors import KNeighborsClassifier 
knn = KNeighborsClassifier() 
knn.fit(X_train, y_train) 
print('Accuracy of K-NN classifier on training set: {:.2f}' 
.format(knn.score(X_train, y_train))) 
print('Accuracy of K-NN classifier on test set: {:.2f}' 
.format(knn.score(X_test, y_test))) 
from sklearn.svm import SVC 
svm = SVC() 
svm.fit(X_train, y_train) 
print('Accuracy of SVM classifier on training set: {:.2f}' 
.format(svm.score(X_train, y_train))) 
print('Accuracy of SVM classifier on test set: {:.2f}' 
.format(svm.score(X_test, y_test))) 
from sklearn.metrics import classification_report 
from sklearn.metrics import confusion_matrix 
pred = knn.predict(X_test) 
print(confusion_matrix(y_test, pred)) 
print(classification_report(y_test, pred)) 
 

  



output: 
 
fruit_label fruit_name fruit_subtype mass width height color_score 
1 apple granny_smith 192 8.4 7.3 0.55 
1 apple granny_smith 180 8.0 6.8 0.59 
1 apple granny_smith 176 7.4 7.2 0.60 
2 mandarin mandarin 86  6.2 4.7 0.80 
2 mandarin mandarin 84  6.0 4.6 0.79 
 
 
 
 

 
 



 
 
 
 
 



 
Accuracy of K-NN classifier on training set: 0.95 
Accuracy of K-NN classifier on test set: 1.00 
Accuracy of SVM classifier on training set: 0.61 
Accuracy of SVM classifier on test set: 0.33 
[[4 0 0 0] 
[0 1 0 0] 
[0 0 8 0] 
[0 0 0 2]] 
precision recall f1-score support 
1 1.00 1.00 1.00 4 
2 1.00 1.00 1.00 1 
3 1.00 1.00 1.00 8    4 1.00 1.00 1.00 2       avg / total 1.00 1.00 1.00 15 

 
 
  



6. Write a program to implement  Random Forest for Classifying   
Digits 
 
Sourcecode: 

from sklearn.datasets import load_digits 
digits = load_digits() 
digits.keys() 
%matplotlib inline 
import numpy as np 
import matplotlib.pyplot as plt 
import seaborn as sns; sns.set() 
# set up the figure 
fig = plt.figure(figsize=(6, 6)) # figure size in inches 
fig.subplots_adjust(left=0, right=1, bottom=0, top=1, hspace=0.05, wspace=0.05) 
for i in range(64): 
ax = fig.add_subplot(8, 8, i + 1, xticks=[], yticks=[]) 
ax.imshow(digits.images[i], cmap=plt.cm.binary, interpolation='nearest') 
ax.text(0, 7, str(digits.target[i])) 
import warnings 
warnings.filterwarnings("ignore") 
from sklearn.ensemble import RandomForestClassifier 
from sklearn.cross_validation import train_test_split 
Xtrain, Xtest, ytrain, ytest = train_test_split(digits.data, digits.target, 
random_state=0) 
model = RandomForestClassifier(n_estimators=1000) 
model.fit(Xtrain, ytrain) 
ypred = model.predict(Xtest) 
from sklearn import metrics 
print(metrics.classification_report(ypred, ytest)) 
from sklearn.metrics import confusion_matrix 
mat = confusion_matrix(ytest, ypred) 
sns.heatmap(mat.T, square=True, annot=True, fmt='d', cbar=False) 
plt.xlabel('true label') 
plt.ylabel('predicted label'); 
 
 
 
 
 

  



Output: 
 
 

 
 

  precision      recall   f1-score   support 
 

 1.00              0.97       0.99        38 
 1.00              0.98       0.99        44 
  0.95            1.00        0.98        42 
  0.98             0.98        0.98        45 
  0.97             1.00        0.99        37 
  0.98             0.98        0.98        48 
  1.00            1.00        1.00         52 
  1.00            0.96        0.98         50 
  0.96            0.98        0.97         47 
  9 0.98         0.98        0.98         47 
 

avg / total  0.98           0.98         0.98       450  
 



7. Write a program to implement K-means Clustering Example 
 
Sourcecode: 

//Importing Packages  

import numpy as np  

import matplotlib.pyplot as plt  

from sklearn.datasets import make_blobs  

//Creating a dataset with size, dimensions, centroids and standard deviation  

dataset=make_blobs(n_samples=200, n_features=2.centers=4,cluster_std=1,6, 

random_state=None)  

points = dataset [0]  

//Import KMeans Clustering from sklearn.cluster  

Import Means kmeans=KMeans(n_clusters-4) kmeans.fit(points)  

//Plotting Points(optional)  

plt.scatter(dataset[0][0,0],dataset[O][:11) 

 //Plotting Centroids  

clusters = kmeans.cluster_centers_  

print(clusters)  

//Predicting Points  

a=kmeans.fit_predict(points)  

//Plotting Points  

plt.scatter(points[a==0,01.points[a==0,1),s=50,color="red")  

plt.scatter(points[a== 1,01 points[a==1,1],s=50,color="blue")  

plt.scatter(points[a==2,01.points[a==2,1),s=50,color="green")  

plt.scatter(points[a==3.01.points[a==3,1),s=50,color="yellow")  

plt.scatter(clusters[0][0].clusters[0][1].s=100.color="black", marker=*")  

plt.scatter(clusters[1][0].clusters[1][1],s=100,color="black", marker="*")  

plt.scatter(clusters[2][0].clusters[2][1].s=100.color="black",marker="*")  

plt.scatter(clusters[3][0].clusters[3][1],s=100.color="black",marker="*") 

//For 3D Model  

import plotly express as ex  

b=ex.scatter_3d(x=points[0,0],y=points[:O],z=points[0]) 

b.show() 

  



 

 

 

 

 

 

 

 

 

 
 
 
 
 
 
 
 
 
 
  



8 . Write a program to implement KNN algorithms with example 
 
Source code: 

//Imports and datasets 

import pandas as pd      

from sklearn.datasets import load_iris      

iris=load_iris() 

 

//To check for column constraints of the dataset 

iris.feature_names 

 

//Checking for the target(names of the clusters for KNN) 

iris.target_names 

 

//Dataframe  

df=pd.DataFrame(iris.data,columns=iris.feature_names) 

df.head() 

 

 
 

//Identifying our clusters 

df['target']=iris.target 

df['flower_name'] =df.target.apply(lambda x: iris.target_names[x]) 

df.head() 

df[df.target==0].head() 

df[df.target==1].head() 

df[df.target==2].head() 

 

 
 

//Grouping our clusters into different dataframes 

df0=df[:50] 



df1=df[50:100] 

df2=df[100:] 

 

//Plotting 

import matplotlib.pyplot as plt 

%matplotlib inline 

X=df.drop(['target','flower_name'],axis='columns') 

y=df.target 

 

plt.xlabel('Sepal Length') 

plt.ylabel('Sepal Width') 

plt.scatter(df0['sepal length (cm)'],df0['sepal width (cm)'],color="blue",marker='*') 

plt.scatter(df1['sepal length (cm)'],df1['sepal width (cm)'],color="green",marker='*') 

plt.scatter(df2['sepal length (cm)'],df2['sepal width (cm)'],color="red",marker='+') 

 

plt.show() 

 

 
//Predicting values 

from sklearn.model_selection import train_test_split 

X_train,X_test,y_train,y_test=train_test_split(X,y,test_size=0.9,random_state=1) 

from sklearn.neighbors import KNeighborsClassifier 

knn=KNeighborsClassifier(n_neighbors=3) 

knn.fit(X_train,y_train) 

knn.score(X_test,y_test) 

from sklearn.metrics import confusion_matrix 

y_pred=knn.predict(X_test) 

cm=confusion_matrix(y_test,y_pred) 

print(cm) 

 

//Confusion matrix 

 
 



 

//Heatmap 

import seaborn as sn 

plt.figure(figsize=(6,6)) 

sn.heatmap(cm, annot=True) 

plt.xlabel('Predicted') 

plt.ylabel('Truth') 

 

 
 

 
 
 
 
 
 
 
 
 
 
 
  



9. Write a program to implement SVM Example 
Source code: 
//Imports 

from sklearn.datasets import make_blobs       

import matplotlib.pyplot as plt 

import numpy as np 

from sklearn.model_selection import train_test_split 

from sklearn.metrics import confusion_matrix 

from sklearn.svm import SVC 

//Initializing the dataset 

X,y=make_blobs(n_samples=150,random_state=0,cluster_std=0.60,centers=2) 

//Training and testing data 

X_train , X_test , y_train , y_test=train_test_split(X, y , 
test_size=75,random_state=0) 

y = y.reshape(y.shape[0]) 

plt.scatter(X_train[:,0], X_train[:,1],c=y_train,cmap='winter',marker='*') 

plt.show() 

//calling  SVM model 

svc=SVC(kernel='linear') 

svc.fit(X_train,y_train) 

//plotting  axes 

ax=plt.gca() 

xlim=ax.get_xlim() 

ax.scatter(X_test[:,0], X_test[:,1],c=y_test,cmap='summer',marker='*') 

//Linear hyperplane and line equation 

w=svc.coef_[0] 

a=-w[0]/w[1] 

xx=np.linspace(xlim[0],xlim[1]) 

yy=a * xx -(svc.intercept_[0]/w[1]) 

plt.plot(xx,yy) 

plt.axline((0, 2.83),slope=-0.06, linewidth=1, color='black') 

plt.show() 

 

  



OUTPUT: 

 

 
       

 

 

 

 

 

 

  

  



10.  Write a program to Implementing Neural Network 

Source code: 

import numpy as np 
X=np.array([[1,0,1,0],[1,0,1,1],[0,1,0,1]]) 
y=np.array([[1],[1],[0]]) 
def sigmoid (x): 
return 1/(1 + np.exp(-x)) 
def derivatives_sigmoid(x): 
return x * (1 - x) 
epoch=5000 #Setting training iterations 
lr=0.1 #Setting learning rate 
inputlayer_neurons = X.shape[1] #number of features in data set 
hiddenlayer_neurons = 3 #number of hidden layers neurons 
output_neurons = 1 #number of neurons at output layer 
wh=np.random.uniform(size=(inputlayer_neurons,hiddenlayer_neurons)) 
bh=np.random.uniform(size=(1,hiddenlayer_neurons)) 
wout=np.random.uniform(size=(hiddenlayer_neurons,output_neurons)) 
bout=np.random.uniform(size=(1,output_neurons)) 
for i in range(epoch): 
hidden_layer_input1=np.dot(X,wh) 
hidden_layer_input=hidden_layer_input1 + bh 
hiddenlayer_activations = sigmoid(hidden_layer_input) 
output_layer_input1=np.dot(hiddenlayer_activations,wout) 
output_layer_input= output_layer_input1+ bout 
output = sigmoid(output_layer_input) 
E = y-output 
slope_output_layer = derivatives_sigmoid(output) 
slope_hidden_layer = derivatives_sigmoid(hiddenlayer_activations) 
d_output = E * slope_output_layer 
Error_at_hidden_layer = d_output.dot(wout.T) 
d_hiddenlayer = Error_at_hidden_layer * slope_hidden_layer 
wout += hiddenlayer_activations.T.dot(d_output) *lr 
bout += np.sum(d_output, axis=0,keepdims=True) *lr 
wh += X.T.dot(d_hiddenlayer) *lr 
bh += np.sum(d_hiddenlayer, axis=0,keepdims=True) *lr 
print (output) 
 

  



output: 

y=np.array([[1],[1],[0]]) 

[[0.96962029] [0.96488635] [0.0601801 ]] 

 
 

  
 
 
  
  



11. Write a program to implement  PCA Example 
Source code: 
//Imports 

import pandas as pd 

import numpy as np 

import matplotlib.pyplot as plt 

from sklearn.decomposition import PCA 

from sklearn.preprocessing import StandardScaler 

from sklearn.datasets import load_iris 

iris=load_iris() 

//Dataset 

X=pd.DataFrame(iris.data,columns=iris.feature_names) 

y=pd.Categorical.from_codes(iris.target,iris.target_names) 

X.head() 

 
//Scaling data 

scaler=StandardScaler() 

X=scaler.fit_transform(X) 

//Applying PCA 

pca=PCA(n_components=2) 

principal_components=pca.fit_transform(X) 

new_X=pd.DataFrame(principal_components,columns=['PC1','PC2']) 

new_X 

//Variance 

per_var=np.round(pca.explained_variance_ratio_*100,decimals=1) 

labels=['PC'+str(x) for x in range(1,len(per_var)+1)] 

//Bar Graph 

plt.bar(x=range(1,len(per_var)+1),height=per_var,tick_label=labels) 

plt.ylabel('Percentage of Variance') 

plt.ylabel('principal components') 

plt.title('Scree plot') 

plt.show() 

 

 

 

  



OUTPUT: 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  
  



12. Write a program to implement anomaly detection and 
recommendation 
 
Source code: 

import numpy as np 
import pandas as pd 
import matplotlib.pyplot as plt 
import seaborn as sb 
from scipy.io import loadmat 
%matplotlib inline 
data = loadmat('data/ex8data1.mat') 
X = data['X'] 
X.shape 
fig, ax = plt.subplots(figsize=(12,8)) 
ax.scatter(X[:,0], X[:,1]) 
def estimate_gaussian(X): 
mu = X.mean(axis=0) 
sigma = X.var(axis=0) 
return mu, sigma 
mu, sigma = estimate_gaussian(X) 
mu, sigma 
Xval = data['Xval'] 
yval = data['yval'] 
Xval.shape, yval.shape 
from scipy import stats 
dist = stats.norm(mu[0], sigma[0]) 
dist.pdf(X[:,0])[0:50] 
p = np.zeros((X.shape[0], X.shape[1])) 
p[:,0] = stats.norm(mu[0], sigma[0]).pdf(X[:,0]) 
p[:,1] = stats.norm(mu[1], sigma[1]).pdf(X[:,1]) 
p.shape 
pval = np.zeros((Xval.shape[0], Xval.shape[1])) 
pval[:,0] = stats.norm(mu[0], sigma[0]).pdf(Xval[:,0]) 
pval[:,1] = stats.norm(mu[1], sigma[1]).pdf(Xval[:,1]) 
def select_threshold(pval, yval): 
best_epsilon = 0 
best_f1 = 0 
f1 = 0 
step = (pval.max() - pval.min()) / 1000 
for epsilon in np.arange(pval.min(), pval.max(), step): 
preds = pval <epsilon 
tp = np.sum(np.logical_and(preds == 1, yval == 1)).astype(float) 
fp = np.sum(np.logical_and(preds == 1, yval == 0)).astype(float) 
fn = np.sum(np.logical_and(preds == 0, yval == 1)).astype(float) 
precision = tp / (tp + fp) 



recall = tp / (tp + fn) 
f1 = (2 * precision * recall) / (precision + recall) 
if f1 >best_f1: 
if f1 >best_f1: 
best_f1 = f1 
best_epsilon = epsilon 
return best_epsilon, best_f1 
epsilon, f1 = select_threshold(pval, yval) 
epsilon, f1 
# indexes of the values considered to be outliers 
outliers = np.where(p <epsilon) 
fig, ax = plt.subplots(figsize=(12,8)) 
ax.scatter(X[:,0], X[:,1]) 
ax.scatter(X[outliers[0],0], X[outliers[0],1], s=50, color='r', marker='o') 
# Collaborative Filtering 
data = loadmat('data/ex8_movies.mat') 
data 
Y = data['Y'] 
R = data['R'] 
Y.shape, R.shape 
Y[1,R[1,:]].mean() 
fig, ax = plt.subplots(figsize=(12,12)) 
ax.imshow(Y) 
ax.set_xlabel('Users') 
ax.set_ylabel('Movies') 
fig.tight_layout() 
def cost(params, Y, R, num_features): 
Y = np.matrix(Y) # (1682, 943) 
R = np.matrix(R) # (1682, 943) 
num_movies = Y.shape[0] 
num_users = Y.shape[1] 
# reshape the parameter array into parameter matrices 
X = np.matrix(np.reshape(params[:num_movies * num_features], (num_movies, 
num_features))) # (1 
682, 10) 
Theta = np.matrix(np.reshape(params[num_movies * num_features:], 
(num_users, num_features))) # 
(943, 10) 
# initializations 
J = 0 
# compute the cost 
error = np.multiply((X * Theta.T) - Y, R) # (1682, 943) 
squared_error = np.power(error, 2) # (1682, 943) 
J = (1. / 2) * np.sum(squared_error) 
return J 
users = 4 



movies = 5 
features = 3 
params_data = loadmat('data/ex8_movieParams.mat') 
X = params_data['X'] 
Theta = params_data['Theta'] 
X_sub = X[:movies, :features] 
Theta_sub = Theta[:users, :features] 
Y_sub = Y[:movies, :users] 
R_sub = R[:movies, :users] 
params = np.concatenate((np.ravel(X_sub), np.ravel(Theta_sub))) 
cost(params, Y_sub, R_sub, features) 
def cost(params, Y, R, num_features): 
Y = np.matrix(Y) # (1682, 943) 
R = np.matrix(R) # (1682, 943) 
num_movies = Y.shape[0] 
num_users = Y.shape[1] 
X = np.matrix(np.reshape(params[:num_movies * num_features], (num_movies, 
num_features))) # (1 
682, 10) 
Theta = np.matrix(np.reshape(params[num_movies * num_features:], 
(num_users, num_features))) # 
(943, 10) 
# initializations 
J = 0 
X_grad = np.zeros(X.shape) # (1682, 10) 
Theta_grad = np.zeros(Theta.shape) # (943, 10) 
# compute the cost 
error = np.multiply((X * Theta.T) - Y, R) # (1682, 943) 
squared_error = np.power(error, 2) # (1682, 943) 
J = (1. / 2) * np.sum(squared_error) 
# calculate the gradients 
X_grad = error * Theta 
Theta_grad = error.T * X 
# unravel the gradient matrices into a single array 
grad = np.concatenate((np.ravel(X_grad), np.ravel(Theta_grad))) 
return J, grad 
J, grad = cost(params, Y_sub, R_sub, features) 
J, grad 
def cost(params, Y, R, num_features, learning_rate): 
Y = np.matrix(Y) # (1682, 943) 
R = np.matrix(R) # (1682, 943) 
num_movies = Y.shape[0] 
num_users = Y.shape[1] 
# reshape the parameter array into parameter matrices 
X = np.matrix(np.reshape(params[:num_movies * num_features], (num_movies, 
num_features))) # (1 



682, 10) 
Theta = np.matrix(np.reshape(params[num_movies * num_features:], 
(num_users, num_features))) # 
(943, 10) 
# initializations 
J = 0 
X_grad = np.zeros(X.shape) # (1682, 10) 
Theta_grad = np.zeros(Theta.shape) # (943, 10) 
# compute the cost 
error = np.multiply((X * Theta.T) - Y, R) # (1682, 943) 
squared_error = np.power(error, 2) # (1682, 943) 
J = (1. / 2) * np.sum(squared_error) 
# add the cost regularization 
J = J + ((learning_rate / 2) * np.sum(np.power(Theta, 2))) 
J = J + ((learning_rate / 2) * np.sum(np.power(X, 2))) 
# calculate the gradients with regularization 
X_grad = (error * Theta) + (learning_rate * X) 
Theta_grad = (error.T * X) + (learning_rate * Theta) 
# unravel the gradient matrices into a single array 
grad = np.concatenate((np.ravel(X_grad), np.ravel(Theta_grad))) 
return J, grad 
movie_idx = {} 
f = open('data/movie_ids.txt') 
for line in f: 
tokens = line.split('') 
tokens[-1] = tokens[-1][:-1] 
movie_idx[int(tokens[0]) - 1] = ''.join(tokens[1:]) 
ratings = np.zeros((1682, 1)) 
ratings[0] = 4 
ratings[6] = 3 
ratings[11] = 5 
ratings[53] = 4 
ratings[63] = 5 
ratings[65] = 3 
ratings[68] = 5 
ratings[97] = 2 
ratings[182] = 4 
ratings[225] = 5 
ratings[354] = 5 
print('Rated {0} with {1} stars.'.format(movie_idx[0], str(int(ratings[0])))) 
print('Rated {0} with {1} stars.'.format(movie_idx[6], str(int(ratings[6])))) 
print('Rated {0} with {1} stars.'.format(movie_idx[11], str(int(ratings[11])))) 
print('Rated {0} with {1} stars.'.format(movie_idx[53], str(int(ratings[53])))) 
print('Rated {0} with {1} stars.'.format(movie_idx[63], str(int(ratings[63])))) 
print('Rated {0} with {1} stars.'.format(movie_idx[65], str(int(ratings[65])))) 
print('Rated {0} with {1} stars.'.format(movie_idx[68], str(int(ratings[68])))) 



print('Rated {0} with {1} stars.'.format(movie_idx[97], str(int(ratings[97])))) 
print('Rated {0} with {1} stars.'.format(movie_idx[182], str(int(ratings[182])))) 
print('Rated {0} with {1} stars.'.format(movie_idx[225], str(int(ratings[225])))) 
print('Rated {0} with {1} stars.'.format(movie_idx[354], str(int(ratings[354])))) 
R = data['R'] 
Y = data['Y'] 
Y = np.append(Y, ratings, axis=1) 
R = np.append(R, ratings != 0, axis=1) 
from scipy.optimize import minimize 
movies = Y.shape[0] 
users = Y.shape[1] 
features = 10 
learning_rate = 10. 
X = np.random.random(size=(movies, features)) 
Theta = np.random.random(size=(users, features)) 
params = np.concatenate((np.ravel(X), np.ravel(Theta))) 
Ymean = np.zeros((movies, 1)) 
Ynorm = np.zeros((movies, users)) 
for i in range(movies): 
idx = np.where(R[i,:] == 1)[0] 
Ymean[i] = Y[i,idx].mean() 
Ynorm[i,idx] = Y[i,idx] - Ymean[i] 
fmin = minimize(fun=cost, x0=params, args=(Ynorm, R, features, learning_rate), 
method='CG', jac=True, options={'maxiter': 100}) 
fmin 
X = np.matrix(np.reshape(fmin.x[:movies * features], (movies, features))) 
Theta = np.matrix(np.reshape(fmin.x[movies * features:], (users, features))) 
X.shape, Theta.shape 
predictions = X * Theta.T 
my_preds = predictions[:, -1] + Ymean 
sorted_preds = np.sort(my_preds, axis=0)[::-1] 
sorted_preds[:10] 
idx = np.argsort(my_preds, axis=0)[::-1] 
print("Top 10 movie predictions:") 
for i in range(10): 
j = int(idx[i]) 
print('Predicted rating of {0} for movie {1}.' 
.format(str(float(my_preds[j])), movie_idx[j])) 
 
  



 

Output: 
 
(307, 2) 
 

 
 

 (array ([14.11222578, 14.99771051]), array([1.83263141, 1.70974533])) 

((307, 2), (307, 1)) 

array([0.183842  , 0.20221694, 0.21746136, 0.19778763, 0.20858956,       0.21652359, 

0.16991291, 0.15123542, 0.1163989 , 0.1594734 ,       0.21716057, 0.21760472, 

0.20141857, 0.20157497, 0.21711385,       0.21758775, 0.21695576, 0.2138258 , 

0.21057069, 0.1173018 ,       0.20765108, 0.21717452, 0.19510663, 0.21702152, 

0.17429399,       0.15413455, 0.21000109, 0.20223586, 0.21031898, 0.21313426,       

0.16158946, 0.2170794 , 0.17825767, 0.17414633, 0.1264951 ,       0.19723662, 

0.14538809, 0.21766361, 0.21191386, 0.21729442,       0.21238912, 0.18799417, 

0.21259798, 0.21752767, 0.20616968,       0.21520366, 0.1280081 , 0.21768113, 

0.21539967, 0.16913173]) 

(307, 2) 

(0.009566706005956842, 0.7142857142857143) 



 

 

{'__header__': b'MATLAB 5.0 MAT-file, Platform: GLNXA64, Created on: Thu 

Dec  1 17:19:26 2011', '__version__': '1.0', '__globals__': [], 'Y': array([[5, 4, 0, ..., 5, 0, 

0], 

In [14]: Y = data['Y'] R = data['R'] Y.shape, R.shape 

In [15]: Y[1,R[1,:]].mean() 

In [16]: fig, ax = plt.subplots(figsize=(12,12)) ax.imshow(Y) ax.set_xlabel('Users') 

ax.set_ylabel('Movies') fig.tight_layout() 

'Y': array([[5, 4, 0, ..., 5, 0, 0],        [3, 0, 0, ..., 0, 0, 5],        [4, 0, 0, ..., 0, 0, 0],        ...,        

[0, 0, 0, ..., 0, 0, 0],        [0, 0, 0, ..., 0, 0, 0],        [0, 0, 0, ..., 0, 0, 0]], dtype=uint8), 'R': 

array([[1, 1, 0, ..., 1, 0, 0],        [1, 0, 0, ..., 0, 0, 1],        [1, 0, 0, ..., 0, 0, 0],        ...,        [0, 

0, 0, ..., 0, 0, 0],        [0, 0, 0, ..., 0, 0, 0],        [0, 0, 0, ..., 0, 0, 0]], dtype=uint8)} 

((1682, 943), (1682, 943)) 

2.5832449628844114 



 

22.224603725685675 

(22.224603725685675, array([ -2.52899165,   7.57570308,  -1.89979026,  -0.56819597,          

3.35265031,  -0.52339845,  -0.83240713,   4.91163297,         -0.76677878,  -0.38358278,   

2.26333698,  -0.35334048,         -0.80378006,   4.74271842,  -0.74040871, -10.5680202 ,          

4.62776019,  -7.16004443,  -3.05099006,   1.16441367,         -3.47410789,   0.        ,   0.        

,   0.        ,          0.        ,   0.        ,   0.        ])) 

 



(31.34405624427422, array([ -0.95596339,   6.97535514,  -0.10861109,   0.60308088,          

2.77421145,   0.25839822,   0.12985616,   4.0898522 ,         -0.89247334,   0.29684395,   

1.06300933,   0.66738144,          0.60252677,   4.90185327,  -0.19747928, -10.13985478,          

2.10136256,  -6.76563628,  -2.29347024,   0.48244098,         -2.99791422,  -0.64787484,  

-0.71820673,   1.27006666,          1.09289758,  -0.40784086,   0.49026541])) 

fun: 38978.314384647194     jac: array([-0.04421097, -0.00308654, -0.00752965, ..., -

0.00237255,        0.00605155,  0.0068428 ]) message: 'Maximum number of 

iterations has been exceeded.'    nfev: 155     nit: 100    njev: 155  status: 1 success: 

False       x: array([ 0.22064958,  0.96957432, -0.47342215, ..., -0.08203747,        

0.08609211, -0.04624869]) 

((1682, 10), (944, 10)) 

Matrix ([[5.00003544],        [5.0000234 ],        [5.00002157],        [5.00001632],        

[5.00001607],        [5.00000945],        [5.0000089 ],        [5.00000706],        [5.0000061 ],        

[4.99998294]]) 

Top 10 movie predictions: Predicted rating of 5.000035439531592 for movie 

Marlene Dietrich: Shadow and Light (1996) . Predicted rating of 

5.000023400858388 for movie Great Day in Harlem, A (1994). Predicted rating of 

5.000021573580529 for movie They Made Me a Criminal (1939). Predicted rating 

of 5.0000163160578275 for movie Star Kid (1997). Predicted rating of 

5.000016070020329 for movie Someone Else's America (1995). Predicted rating of 

5.000009445486224 for movie Saint of Fort Washington, The (1993). Predicted 

rating of 5.000008895567655 for movie Entertaining Angels: The Dorothy Day 

Story (1996). Predicted rating of 5.000007062141572 for movie Aiqing wansui 

(1994). Predicted rating of 5.000006098541294 for movie Santa with Muscles 

(1996). Predicted rating of 4.99998294111069 for movie Prefontaine (1997). 


