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1 Implement word count/frequency programmes using 
MapReduce. 
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2 Implement a MapReduce program that processes a 
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3 Implement an application that stores big data in MongoDB 
and manipulate it using Python 
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A) Single Linkage Method  
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8 Implement a program in python to demonstrate how to 
compute tf-idf values of words from a corpus. 

9/03/2026 
 

 

9 Implement SVM classification techniques.   

10 Create an ARIMA Model for Time Series Forecasting in 
Python 

  

 
 
 
 
 
 
 
 
 
 
 

 
 
 



 
Practical No: 1 
Aim: Implement word count/frequency programmes using MapReduce. 
 
Create a text file with name sampledata.txt in cloudera(/home/cloudera/Sample_data.txt): 
 

 
 
Move file in hdfs in : 
 
hdfs dfs -put /home/cloudera/Sample_data.txt /user/cloudera/input/ 
 

●​ input is a folder inside HDFS, not your normal Linux folder. 
●​ It exists inside HDFS, not inside /home. 
●​ Check if input folder exists: hdfs dfs -ls /user/cloudera 
●​  

 
Then start Pig:  
 



 

 
 

 
 

 
Output:  



 

 
 

 
 
Grouping Employees by dept: 
 

 
 
Max_salary: 

 
 
Dump for final O/p: 



 

 
 

 
 

 
 
 
 
 
 
 
 
 



 
Practical No: 2 
Aim: Implement a MapReduce program that processes a weather dataset. with pig and 
spark 
 
Pig: 
Create a text file in Cloudera: 
 

 
 
 

 
 
 
 



 

 
 

 
 
 

 
 

 
 

 
 



 
 
 
 
 
 
 
Final Output:  

 
 
 
Spark: 
Open cloudera-> create text file -> then turn on spark shell by cmd prompt 
Command: spark-shell 

 



 

 
 
Command:  
val inputRDD = sc.textFile("file:///home/cloudera/samplePig.txt") 
Command:  
inputRDD.collect() 
 

 
 
 
 
Command:  
val wordsRDD = inputRDD.flatMap(line => line.split(" ")) 
Command:  
wordsRDD.collect() 
 

 
 
Command: val uniqueCountRDD = wordsRDD.map(word => (word,1)) 
Command:  uniqueCountRDD.collect 



 

 
 
 
Command: val finalRDD = uniqueCountRDD.reduceByKey(_ + _) 
Command: finalRDD.collect 
 

 
 

 
 



 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 
Practical No: 03 
Implement an application that stores big data in MongoDB and manipulate it using 
Python 
 
Code: 
# First install using command prompt (NOT in Python file): 

# pip install pymongo 

 

import pymongo 

 

# Connect to MongoDB server 

myclient = pymongo.MongoClient("mongodb://localhost:27017/") 

 

# Create or access database 

mydb = myclient["Mybigdata"] 

 

# Print all database names 

print("Databases:", myclient.list_database_names()) 

 

# Create or access collection 

mycol = mydb["Student"] 

 

# Print all collections 

print("Collections:", mydb.list_collection_names()) 

 

# Insert one document 

mydict = {"name": "Kaushal", "address": "Delhi"} 

x = mycol.insert_one(mydict) 

print("Inserted ID (single):", x.inserted_id) 

 

# Insert multiple documents 

mylist = [ 

    {"name": "Alex", "address": "Mumbai"}, 

    {"name": "Karan", "address": "Bandra"}, 

    {"name": "Vijay", "address": "Pune"} 

] 

 

x = mycol.insert_many(mylist) 

print("Inserted IDs (multiple):", x.inserted_ids) 

 
Output: 



 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 
Practical No: 04 
Implement Apriori algorithm for market basket analysis. 
 
Code: 
# Install packages (run once) 
install.packages("arules") 
install.packages("arulesViz") 
install.packages("RColorBrewer") 
install.packages("plotly") 
 
# Load libraries 
library(arules) 
library(arulesViz) 
library(RColorBrewer) 
library(plotly) 
 
# Load dataset 
data(Groceries) 
Groceries 
 
# Summary 
summary(Groceries) 
class(Groceries) 
 
# Generate association rules 
rules <- apriori(Groceries, parameter = list(supp = 0.02, conf = 0.2)) 
summary(rules) 
 
# Inspect rules safely 
inspect(head(rules, 10)) 
 
# Item frequency plot 
itemFrequencyPlot( 
  Groceries, 
  topN = 20, 
  col = brewer.pal(8, 'Pastel2'), 
  main = 'Relative Item Frequency Plot', 
  type = "relative", 
  ylab = "Item Frequency (Relative)" 
) 
 
# Frequent itemsets (length = 2) 
itemsets_2 <- apriori( 
  Groceries, 
  parameter = list(minlen = 2, maxlen = 2, support = 0.02), 
  target = "frequent itemsets" 
) 
summary(itemsets_2) 
 
# Safe inspect 
if (length(itemsets_2) > 0) { 
  inspect(head(itemsets_2, 10)) 
} else { 



 
  print("No itemsets of length 2 found. Try lowering support.") 
} 
 
# Frequent itemsets (length = 3) 
itemsets_3 <- apriori( 
  Groceries, 
  parameter = list(minlen = 3, maxlen = 3, support = 0.01),  # reduced support 
  target = "frequent itemsets" 
) 
summary(itemsets_3) 
 
# Safe inspect 
if (length(itemsets_3) > 0) { 
  inspect(head(itemsets_3, 10)) 
} else { 
  print("No itemsets of length 3 found. Try lowering support further.") 
} 
 
# Convert rules to dataframe 
rules_df <- as(rules, "data.frame") 
 
# 3D interactive plot 
plotly_graph <- plot_ly( 
  data = rules_df, 
  x = ~support, 
  y = ~confidence, 
  z = ~lift, 
  text = ~paste("Rule:", rules), 
  type = "scatter3d", 
  mode = "markers", 
  marker = list(size = 5, color = ~lift, colorscale = "Viridis", showscale = TRUE) 
) %>% 
  layout( 
    title = "Interactive Graph of Association Rules", 
    scene = list( 
      xaxis = list(title = "Support"), 
      yaxis = list(title = "Confidence"), 
      zaxis = list(title = "Lift") 
    ) 
  ) 
 
# Show plot 
plotly_graph 
 
# Top 10 rules by lift 
top10subRules <- head(sort(rules, by = "lift"), 10) 
 
# Plot graph 
plot( 
  top10subRules, 
  method = "graph", 
  engine = "htmlwidget" 
) 
 



 
 
Output: 

 

 

 
 

 
 



 

 

 



 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 
Practical No: 05 
Configure the Hive and implement the application in Hive. 
 
# Start the Hive command-line interface  
-> hive  
 
# Create a new database named 'demo'  
-> CREATE DATABASE demo; 
 
# List all available databases  
-> SHOW DATABASES; 
 
# Show detailed information about the 'demo' database  
-> DESCRIBE DATABASE EXTENDED demo; 
 
# Create an internal table 'suraj' in the 'demo' database  
->CREATE TABLE IF NOT EXISTS demo.suraj ( 
  id INT, 
  name STRING, 
  salary FLOAT 
) 
ROW FORMAT DELIMITED 
FIELDS TERMINATED BY ','; 
 
 
# Describe the structure of the 'suraj' table  
->DESCRIBE demo.suraj;  
 
# Load local data from the specified path into the 'suraj' table  
-> LOAD DATA LOCAL INPATH '/home/cloudera/hive-demo/emp-details' 
INTO TABLE demo.suraj; 
 
# Query all records from the 'suraj' table  
-> SELECT * FROM demo.suraj; 
 
# Create a partitioned internal table 'student'  
->CREATE TABLE student ( 
  id INT, 
  name STRING, 
  age INT, 
  institute STRING 
) 
PARTITIONED BY (course STRING) 
ROW FORMAT DELIMITED 
FIELDS TERMINATED BY ','; 
 



 
# Describe the structure of the 'student' table  
-> DESCRIBE student; 
 
# Load local data into the 'student' table under partition "IT"  
-> LOAD DATA LOCAL INPATH '/home/suraj/student-details' 
INTO TABLE student 
PARTITION (course='IT'); 
 
# Create an external table 'studentlist' that points to a location in HDFS  
-> CREATE EXTERNAL TABLE studentlist ( 
  id INT, 
  name STRING, 
  salary FLOAT 
) 
ROW FORMAT DELIMITED 
FIELDS TERMINATED BY ',' 
LOCATION '/HiveDirectory'; 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 
Practical No: 07 
Aim: Implement the agglomerative hierarchy clustering algorithm 
A) Aim: Implement Agglomerative Hierarchy clustering algorithm with Single Linkage 
Method  
Code: 
# Agglomerative Clustering with Single Linkage Method 

# Step 1: Import Required 

import numpy as np 

import matplotlib.pyplot as plt 

from scipy.cluster.hierarchy import dendrogram, linkage 

from scipy.spatial.distance import pdist 

from scipy.cluster.hierarchy import fcluster 

# Step 2: Generate Sample Data 

# Generate random data points for clustering 

np.random.seed(42) 

data = np.random.randn(50, 2) 

# Step 3: Compute the Linkage Matrix (using single linkage method) 

Z = linkage(data, method='single') # Change to 'single' for single linkage 

# Step 4: Visualize the Dendrogram 

plt.figure(figsize=(10, 6)) 

dendrogram(Z) 

plt.title('Dendrogram for Agglomerative Clustering (Single Linkage)') 

plt.xlabel('Sample Index') 

plt.ylabel('Distance') 

plt.show() 

# Step 5: Form Clusters based on a Distance Threshold 

# Form flat clusters by cutting the dendrogram at a specified distance 

max_distance = 1.5 

clusters = fcluster(Z, max_distance, criterion='distance') 

# Step 6: Plot the clustered data 

plt.scatter(data[:, 0], data[:, 1], c=clusters, cmap='rainbow') 

plt.title('Data Points Clustered Using Agglomerative Clustering (Single Linkage)') 

plt.xlabel('Feature 1') 

plt.ylabel('Feature2') 

plt.show() 

 

output: 
 



 

 
 

 
 
B) Aim: Implement Agglomerative Hierarchy clustering algorithm with Complete 
Linkage 
 
Code: 
import numpy as np 

import matplotlib.pyplot as plt 

from scipy.cluster.hierarchy import dendrogram, linkage, fcluster 

 

# Step 2: Generate Sample Data 

np.random.seed(42) 

data = np.random.randn(50, 2) 

 

# Step 3: Compute the Linkage Matrix (Complete Linkage) 



 
Z = linkage(data, method='complete') 

 

# Step 4: Visualize the Dendrogram 

plt.figure(figsize=(10, 6)) 

dendrogram(Z) 

plt.title('Dendrogram for Agglomerative Clustering (Complete Linkage)') 

plt.xlabel('Sample Index') 

plt.ylabel('Distance') 

plt.show() 

 

# Step 5: Form Clusters based on a Distance Threshold 

max_distance = 1.5  # You can adjust this to control number of clusters 

clusters = fcluster(Z, max_distance, criterion='distance') 

 

# Step 6: Plot the clustered data 

plt.scatter(data[:, 0], data[:, 1], c=clusters, cmap='rainbow') 

plt.title('Data Points Clustered Using Agglomerative Clustering (Complete 

Linkage)') 

plt.xlabel('Feature 1') 

plt.ylabel('Feature 2') 

plt.show() 

 
Output: 

 



 

 
 
C) Aim: Implement Agglomerative Hierarchy clustering algorithm with Average 
Linkage Method 
 
Code: 
import numpy as np 

import matplotlib.pyplot as plt 

from scipy.cluster.hierarchy import dendrogram, linkage, fcluster 

 

# Step 2: Generate Sample Data 

np.random.seed(42) 

data = np.random.randn(50, 2) 

 

# Step 3: Compute the Linkage Matrix (Average Linkage) 

Z = linkage(data, method='average') 

 

# Step 4: Visualize the Dendrogram 

plt.figure(figsize=(10, 6)) 

dendrogram(Z) 

plt.title('Dendrogram for Agglomerative Clustering (Average Linkage)') 

plt.xlabel('Sample Index') 

plt.ylabel('Distance') 

plt.show() 

 

# Step 5: Form Clusters based on a Distance Threshold 

max_distance = 1.5  # You can adjust this to control the number of clusters 

clusters = fcluster(Z, max_distance, criterion='distance') 

 

# Step 6: Plot the clustered data 

plt.scatter(data[:, 0], data[:, 1], c=clusters, cmap='rainbow') 

plt.title('Data Points Clustered Using Agglomerative Clustering (Average Linkage)') 

plt.xlabel('Feature 1') 

plt.ylabel('Feature 2') 



 
plt.show() 

 

 

 
 
 



 
D) Aim: Implement Agglomerative Hierarchy clustering algorithm with Ward Linkage 
Method 
 
Code: 
 
import numpy as np 

import matplotlib.pyplot as plt 

from scipy.cluster.hierarchy import dendrogram, linkage, fcluster 

 

# Step 2: Generate Sample Data 

np.random.seed(42) 

data = np.random.randn(50, 2) 

 

# Step 3: Compute the Linkage Matrix (Ward Linkage) 

Z = linkage(data, method='ward') 

 

# Step 4: Visualize the Dendrogram 

plt.figure(figsize=(10, 6)) 

dendrogram(Z) 

plt.title('Dendrogram for Agglomerative Clustering (Ward Linkage)') 

plt.xlabel('Sample Index') 

plt.ylabel('Distance') 

plt.show() 

 

# Step 5: Form Clusters based on a Distance Threshold 

max_distance = 1.5 

clusters = fcluster(Z, max_distance, criterion='distance') 

 

# Step 6: Plot the clustered data 

plt.scatter(data[:, 0], data[:, 1], c=clusters, cmap='rainbow') 

plt.title('Data Points Clustered Using Agglomerative Clustering (Ward Linkage)') 

plt.xlabel('Feature 1') 

plt.ylabel('Feature 2') 

plt.show() 

 
Output: 
 



 

 

 
 
 
 



 
Practical No: 07 
Aim: Implement the DBSCAN density-based clustering algorithm. 
code: 
# Import necessary libraries 

import numpy as np 

from collections import deque 

import matplotlib.pyplot as plt 

 

# Function to calculate Euclidean distance between two points 

def euclidean_distance(p1, p2): 

    return np.sqrt(np.sum((p1 - p2) ** 2)) 

 

# Function to find all neighbors within 'eps' distance of a given point 

def region_query(X, point_idx, eps): 

    neighbors = [] 

    for i, point in enumerate(X): 

        if euclidean_distance(X[point_idx], point) <= eps: 

            neighbors.append(i) 

    return neighbors 

 

# Function to expand a cluster starting from a core point 

def expand_cluster(X, labels, point_idx, neighbors, cluster_id, eps, min_pts): 

    labels[point_idx] = cluster_id 

    queue = deque(neighbors) 

 

    while queue: 

        current_point = queue.popleft() 

 

        if labels[current_point] == -1: 

            labels[current_point] = cluster_id 

        elif labels[current_point] == 0: 

            labels[current_point] = cluster_id 

            current_neighbors = region_query(X, current_point, eps) 

 

            if len(current_neighbors) >= min_pts: 

                queue.extend(current_neighbors) 

 

# Main DBSCAN algorithm implementation 

def dbscan(X, eps, min_pts): 

    labels = np.zeros(len(X))  # 0 means unvisited 

    cluster_id = 0 

 

    for point_idx in range(len(X)): 

        if labels[point_idx] != 0: 

            continue 

        neighbors = region_query(X, point_idx, eps) 



 
 

 

        if len(neighbors) < min_pts: 

            labels[point_idx] = -1  # Mark as noise 

        else: 

            cluster_id += 1 

            expand_cluster(X, labels, point_idx, neighbors, cluster_id, eps, 

min_pts) 

    return labels 

 

# Generate 100 random 2D points 

X = np.random.randn(100, 2) 

 

# Set DBSCAN parameters 

eps = 0.3  # Maximum distance to consider as neighbor 

min_pts = 5  # Minimum number of points to form a dense region 

 

# Run DBSCAN algorithm 

labels = dbscan(X, eps, min_pts) 

 

# Plotting the clustered data 

plt.scatter(X[:, 0], X[:, 1], c=labels, cmap='viridis') 

plt.title("DBSCAN from Scratch") 

plt.xlabel("Feature 1") 

plt.ylabel("Feature 2") 

plt.show() 

 
Output: 

 



 
Practical No: 9 
Implement SVM classification techniques. 
Code: 
 
install.packages("caret") 
library('caret') 
heart <- read.csv("C:\\Users\\ADMIN\\Downloads\\heart.csv",sep=",") 
str(heart) 
head(heart) 
colSums(is.na(heart)) 
heart$Ca[is.na(heart$Ca)] <- median(heart$Ca, na.rm = TRUE) 
heart$Thal[is.na(heart$Thal)] <- names(sort(table(heart$Thal), decreasing = TRUE))[1] 
factor_vars <- c("Sex","ChestPain","Fbs","RestECG","ExAng","Slope","Thal") 
heart[factor_vars] <- lapply(heart[factor_vars], as.factor) 
heart$AHD <- as.factor(heart$AHD) 
set.seed(123) 
intrain <- createDataPartition(heart$AHD, p = 0.7, list = FALSE) 
training <- heart[intrain, ] 
testing <- heart[-intrain, ] 
trctrl <- trainControl(method = "cv", number = 10) 
grid <- expand.grid( 
  C = c(0.01, 0.05, 0.1, 0.25, 0.5, 1, 2, 5) 
) 
svm_Linear_Grid <- train( 
  AHD ~ ., 
  data = training, 
  method = "svmLinear", 
  trControl = trctrl, 
  preProcess = c("center", "scale"), 
  tuneGrid = grid 
) 
pred <- predict(svm_Linear_Grid, testing) 
confusionMatrix(pred, testing$AHD) 
plot(svm_Linear_Grid) 
 
 



 

 
 
 

 
 



 

 

 
 
# Load libraries 



 
library(caret) 
library(ggplot2) 
 
# Load dataset 
heart <- read.csv("C:\\Users\\Shrut\\Downloads\\heart.csv", sep=",") 
 
# Check structure 
str(heart) 
colnames(heart) 
 
# ---- Fix column names (standard dataset assumption) ---- 
# target = output variable 
 
# Handle missing values (only if present) 
if("ca" %in% colnames(heart)){ 
  heart$ca[is.na(heart$ca)] <- median(heart$ca, na.rm = TRUE) 
} 
 
if("thal" %in% colnames(heart)){ 
  heart$thal[is.na(heart$thal)] <- names(sort(table(heart$thal), decreasing = TRUE))[1] 
} 
 
# Convert categorical columns (adjusted names) 
factor_vars <- c("sex","cp","fbs","restecg","exang","slope","thal") 
 
# Keep only existing columns 
factor_vars <- factor_vars[factor_vars %in% colnames(heart)] 
 
# Convert to factor 
heart[factor_vars] <- lapply(heart[factor_vars], as.factor) 
 
# Target column 
heart$target <- as.factor(heart$target) 
 
# ---- Train-Test Split ---- 
set.seed(123) 
intrain <- createDataPartition(heart$target, p = 0.7, list = FALSE) 
training <- heart[intrain, ] 
testing  <- heart[-intrain, ] 
 
# ---- Train Control ---- 
trctrl <- trainControl(method = "cv", number = 10) 
 
# ---- Hyperparameter Grid ---- 
grid <- expand.grid(C = c(0.01, 0.1, 1, 5)) 
 



 
# ---- Train Model ---- 
svm_Linear_Grid <- train( 
  target ~ oldpeak + thalach,   # thalach = MaxHR 
  data = training, 
  method = "svmLinear", 
  trControl = trctrl, 
  preProcess = c("center", "scale"), 
  tuneGrid = grid 
) 
 
# ---- Predictions ---- 
pred <- predict(svm_Linear_Grid, testing) 
print(confusionMatrix(pred, testing$target)) 
 
# ---- Model Plot ---- 
plot(svm_Linear_Grid) 
 
# ---- Decision Boundary Visualization ---- 
 
# Create grid 
x_range <- range(training$oldpeak, na.rm = TRUE) 
y_range <- range(training$thalach, na.rm = TRUE) 
 
grid_df <- expand.grid( 
  oldpeak = seq(x_range[1], x_range[2], length.out = 100), 
  thalach = seq(y_range[1], y_range[2], length.out = 100) 
) 
 
# Predict 
grid_df$pred <- predict(svm_Linear_Grid, newdata = grid_df) 
grid_df$pred_num <- as.numeric(grid_df$pred) 
 
# Plot 
ggplot(training, aes(oldpeak, thalach, color = target)) + 
  geom_point(alpha = 0.7) + 
  geom_contour( 
    data = grid_df, 
    aes(z = pred_num), 
    breaks = 1.5, 
    color = "black" 
  ) + 
  labs(title = "Linear SVM Hyperplane (Oldpeak vs Thalach)") 
 
 
 
Practical No: 10 



 
Aim: Create an ARIMA Model for Time Series Forecasting in Python 
 

Code: 
import pandas as pd 
import numpy as np 
import matplotlib.pyplot as plt 
from statsmodels.tsa.arima.model import ARIMA 
from sklearn.model_selection import train_test_split 
from sklearn.metrics import mean_squared_error 
from statsmodels.graphics.tsaplots import plot_acf, plot_pacf 
import matplotlib.pyplot as plt 
 
# Load dataset 
df = pd.read_csv(r"/content/airline-passengers.csv", parse_dates=['month'], index_col='month') # Corrected 'Month' to 
'month' 
ts = df['total_passengers'] 
# Split data into training and testing sets 
train_size = int(len(ts) * 0.8) 
train, test = ts[:train_size], ts[train_size:] 
# Fit ARIMA model 
model = ARIMA(train, order=(8,2,7)) # (p,d,q) parameters 
model_fit = model.fit() 
# Forecast on test data 
forecast = model_fit.forecast(steps=len(test)) 
# Plot results 
plt.figure(figsize=(12, 6)) 
plt.figure(figsize=(10,5)) 
plt.plot(train, label='Training Data') 
plt.plot(test, label='Test', color='blue') 
plt.plot(test.index, forecast, label='Forecast', color='red') 
plt.legend() 
plt.show() 
 
# Calculate differenced data for ACF/PACF plots 
data_diff = train.diff().diff().dropna() 
 
# ACF Plot 
plt.subplot(1, 2, 1) 
plot_acf(data_diff, lags=20, ax=plt.gca()) 
plt.title("Autocorrelation (ACF)") 
 
# PACF Plot 
plt.subplot(1, 2, 2) 
plot_pacf(data_diff, lags=20, ax=plt.gca()) 
plt.title("Partial Autocorrelation (PACF)") 



 
plt.tight_layout() 
plt.show() 
# Calculate MSE 
mse = mean_squared_error(test, forecast) 
# Calculate RMSE 
rmse = np.sqrt(mse) 
print(f"Mean Squared Error (MSE): {mse}") 
print(f"Root Mean Squared Error (RMSE): {rmse}") 
 
Output: 

 
 

 
 

 



 
Practical No: 08 
Aim:Implement a program in python to demonstrate how to compute tf-idf values of 
words from a corpus 
 

Code: 
from sklearn.feature_extraction.text import TfidfVectorizer 

d0 = 'Geeks for geeks' 

d1 = 'Geeks' 

d2 = 'r2j' 

string = [d0, d1, d2] 

tfidf = TfidfVectorizer() 

result = tfidf.fit_transform(string) 

print('\nidf values:') 

for ele1, ele2 in zip(tfidf.get_feature_names_out(), tfidf.idf_): 

    print(ele1, ':', ele2) 

print('\nWord indexes:') 

print(tfidf.vocabulary_) 

print('\ntf-idf value:') 

print(result) 

print('\ntf-idf values in matrix form:') 

print(result.toarray()) 

 
Output: 

 
 
 
 
 

 


