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Practical No: 1(a) 
 

Aim: Perform conditional formatting on a dataset using various criteria. 

Dataset:  

 

 

Step 1:  Open Excel Go in Home tab and then go in Conditional Formatting Select Highlight 

Cells Rules and Select Greater Than Option in Options. 
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Then Select Lesser Than Options 
 

 
 

Then Select Format Cells that Contain the text Options 
 

 

Select Between Options 
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Use Icon Set 
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Practical No: 1(b) 
 

Aim: Create a pivot table to analyze and summarize data. 

Dataset: 

Pivot Table  

Name Gender Age Class House 

Unit Test 

1 

Unit Test 

2 

Final 

Test 
 

Abhimanyu M 16 10 Bhoomi 84 79 81  

Arjun M 11 5 Vayu 82 83 91  

Champa F 15 8 Jal 81 78 88  

Gopal M 14 8 Bhoomi 70 75 79  

Gopi F 16 10 Agni 88 92 96  

Hari M 16 10 Bhoomi 82 81 80  

Indu F 14 8 Vayu 90 86 89  

Keshav M 15 9 Agni 87 89 96  

Lalita F 17 10 Vayu 70 90 92  

Madhav M 12 7 Jal 86 92 89  

Sam M 11 6 Agni 91 81 94  

RNM M 16 10 Agni 86 81 77  

Student1 M 15 9 Agni 87 89 95  

Student8 F 15 8 Vayu 81 90 95  

Student2 F 17 10 Vayu 70 90 92  

Student4 F 12 7 Jal 86 92 89  

Student5 F 16 10 Jal 81 80 87  

Sudevi F 16 10 Jal 81 80 87  

Varun M 15 9 Vayu 87 89 95  

Vidya F 11 6 Vayu 88 90 92  

Visakha F 16 10 Bhoomi 70 87 85  

Vrinda F 14 8 Agni 91 96 98  

 

Go in Insert tab and Select Pivot Table Option. 
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Note: Then we will get this type of Interface by Default. 

 

After that, Put Name Column in rows & Final Test in Values. 
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 Then Go in PivotTable Analyze and Select Pivot Chart Option. 

 

Select Column Chart & Use it. 
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Output: 
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Practical No: 1(c) 
 

Aim: Use VLOOKUP function to retrieve information from a different worksheet or table. 

 

Use VLOOKUP in Excel to match the Department Name from the second table with the 

Department ID in the first table. 

Create a new column in the Employee Details table called Department Name, and use 

VLOOKUP to populate it. 

 

Formula of VLookup:  

The VLOOKUP formula in Excel is used to look up values in a table:   

=VLOOKUP(lookup_value, table_array, column_index_number, [range_lookup]) 

  

 

 

Output: 
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Practical No: 1(d) 
 

Aim: Perform what-if analysis using Goal Seek to determine input values for desired output. 
 

Step 1: Go in Data tab in Excel and Select What-if Analysis. 

 

 

What-if Analysis 
 

Total Revenue = Price*Qty 

Transport Cost = 10% of Total Revenue 

Item Cost= 20 rs of Qty 

Total Cost = Transport cost + Item Cost 

Profit = Total Revenue – Total Cost 

What if Analysis 

Price  $   32.00  

Qty 227 

Total Revenue  $   7,272.73  

Transport Cost  $   727.27  

Item Cost  $   4,545.45  

Total Cost  $   5,272.73  

Profit  $2,000.00  

 

Click on Goal Seek 

 

 

 

Output: 
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Practical No: 2(a) 
 

Aim: Read data from CSV and JSON files into a data frame. 

Code: 

import pandas as pd 

csv_file_path = "sample_data.csv" 

json_file_path = "sample_data.json" 

csv_df = pd.read_csv(csv_file_path) 

print("CSV DataFrame:") 

print(csv_df) 

json_df = pd.read_json(json_file_path) 

print("\nJSON DataFrame:") 

print(json_df) 

combined_df = pd.concat([csv_df, json_df], ignore_index=True) 

print("\nCombined DataFrame:") 

print(combined_df) 

 

Output: 
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Practical No: 2(b) 
 

Aim: Perform basic data pre-processing tasks such as handling missing values and outliers. 

Code: 

import pandas as pd 

import numpy as np 

import matplotlib.pyplot as plt 

import seaborn as sns 

file_path = "Housing_Prices.csv"   

data = pd.read_csv(file_path) 

print("Initial Data:") 

print(data.head()) 

print("\nMissing Values:\n", data.isnull().sum()) 

data['Price'] = data['Price'].fillna(data['Price'].mean()) 

data['Location'] = data['Location'].fillna(data['Location'].mode()[0]) 

print("\nAfter Handling Missing Values:") 

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

plt.figure(figsize=(10, 5)) 

sns.boxplot(x=data['Price']) 

plt.title("Price Outliers") 

plt.show() 

Q1 = data['Price'].quantile(0.25) 

Q3 = data['Price'].quantile(0.75) 

IQR = Q3 - Q1 

lower_bound = Q1 - 1.5 * IQR 

upper_bound = Q3 + 1.5 * IQR 

data = data[(data['Price'] >= lower_bound) & (data['Price'] <= upper_bound)] 

print("\nData After Removing Outliers:") 

print(data.describe()) 

cleaned_file_path = "Cleaned_Housing_Prices.csv" 

data.to_csv(cleaned_file_path, index=False) 

print(f"\nCleaned dataset saved to: {cleaned_file_path}") 
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Output: 
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Practical No: 2(c) 
 

Aim: Manipulate and transform data using functions like filtering, sorting, and grouping. 

Code: 

import pandas as pd 

from datetime import datetime 

file_path = "sample_dataset.csv"   

df = pd.read_csv(file_path) 

df["Joining Date"] = pd.to_datetime(df["Joining Date"]) 

print("Original Dataset:") 

print(df) 

hr_employees = df[df["Department"] == "HR"] 

print("\nEmployees in the HR Department:") 

print(hr_employees) 

high_salary = df[df["Salary"] > 55000] 

print("\nEmployees with Salary Greater than 55000:") 

print(high_salary) 

sorted_salary = df.sort_values(by="Salary") 

print("\nEmployees Sorted by Salary (Ascending):") 

print(sorted_salary) 

sorted_date = df.sort_values(by="Joining Date", ascending=False) 

print("\nEmployees Sorted by Joining Date (Descending):") 

print(sorted_date) 

grouped_salary = df.groupby("Department")["Salary"].mean().reset_index() 

print("\nAverage Salary by Department:") 

print(grouped_salary) 

employee_count = df.groupby("Department")["ID"].count().reset_index() 

employee_count.rename(columns={"ID": "Employee Count"}, inplace=True) 

print("\nNumber of Employees in Each Department:") 

print(employee_count) 

filtered_sorted = df[df["Department"] == "HR"].sort_values(by="Salary", ascending=False) 

print("\nHR Employees Sorted by Salary (Descending):") 

print(filtered_sorted) 

df["Years of Service"] = datetime.now().year - df["Joining Date"].dt.year 
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print("\nDataset with Years of Service Added:") 

print(df) 

pivot_table = df.pivot_table(values="Salary", index="Department", 

aggfunc="mean").reset_index() 

print("\nPivot Table - Average Salary by Department:") 

print(pivot_table) 

Output: 
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Practical No: 3(a) 
 

Aim: Apply feature-scaling techniques like standardization and normalization to numerical 

features. 

Code: 

import numpy as np 

import pandas as pd 

from sklearn.preprocessing import StandardScaler, MinMaxScaler 

data = { 

    'Feature1': [10, 20, 30, 40, 50], 

    'Feature2': [100, 150, 200, 250, 300], 

    'Feature3': [1, 2, 3, 4, 5] 

} 

df = pd.DataFrame(data) 

print("Original Data:") 

print(df) 

scaler_standard = StandardScaler() 

df_standardized = pd.DataFrame(scaler_standard.fit_transform(df), columns=df.columns) 

print("\nStandardized Data:") 

print(df_standardized) 

scaler_minmax = MinMaxScaler() 

df_normalized = pd.DataFrame(scaler_minmax.fit_transform(df), columns=df.columns) 

print("\nNormalized Data:") 

print(df_normalized) 

Output: 
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Practical: 3(b) 
 

Aim: Perform feature dummification to convert categorical variables into numerical representations. 

Code: 

import pandas as pd 

data = { 

    'ID': [1, 2, 3, 4, 5], 

    'Category': ['A', 'B', 'C', 'A', 'B'], 

    'Value': [100, 200, 300, 400, 500] 

} 

df = pd.DataFrame(data) 

print("Original Dataset:") 

print(df) 

df_dummified = pd.get_dummies(df, columns=['Category'], prefix='Cat', drop_first=False) 

print("\nDummified Dataset:") 

print(df_dummified) 

 

Output: 
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Practical No: 4(a) 
 

Aim: Formulate null and alternative hypotheses for a given problem. 

Dataset: 

 

a. Open the Excel file and ensure the dataset is organized. 

b. Go to the "Data" tab in Excel. 

c. Select "Data Analysis" (if not available, add it via Excel Add-ins). 

d. Choose "t-Test: Two-Sample Assuming Equal Variances" or "t-Test: Two-Sample 

Assuming Unequal Variances," depending on your assumption about variances. 

 

For Enable Data Analysis Tab. 

Go in File and Click Options. 
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Then it will show another interface Select Add-ins Option then Enable Tool Pack and Choose 

First Options. 
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Then Select in Go Option. 
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Check The Check Boxes and Click Ok. 

Then you will see a “Data” tab in Excel Icon then you get Data Analysis tool Pack. 

Then Open Data Analysis and Choose "t-Test: Two-Sample Assuming Equal Variances". 
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For Alternative Hypothesis: 

Go to the Data tab > Click Data Analysis > Select t-Test: Paired Two Sample for Means. 
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Practical No: 4(b) 
 

Aim: Conduct a hypothesis test using appropriate statistical tests (e.g., t-test, chisquare test). 

Code:  

from scipy import stats 

class_1_scores = [80, 85, 90, 87, 91] 

class_2_scores = [75, 79, 84, 88, 80] 

t_stat, p_value = stats.ttest_ind(class_1_scores, class_2_scores) 

print("t-statistic:", t_stat) 

print("p-value:", p_value) 

if p_value < 0.05: 

    print("Reject the null hypothesis: There is a significant difference.") 

else: 

    print("Fail to reject the null hypothesis: No significant difference.") 

print() 

import numpy as np 

from scipy.stats import chi2_contingency 

data = np.array([[50, 30],   

                 [20, 40]])   

chi2, p_value, dof, expected = chi2_contingency(data) 

alpha = 0.05  # Significance level 

print(f"Chi-Square: {chi2:.2f}, P-value: {p_value:.4f}, Degrees of Freedom: {dof}") 

print("Expected Frequencies:") 

print(expected) 

if p_value < alpha: 

    print("Reject the null hypothesis: There's a significant association between gender and 

product choice.") 

else: 

    print("Fail to reject the null hypothesis: No significant association between gender and 

product choice.") 
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Output: 
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Practical No: 4(c) 
 

Aim: Interpret the results and draw conclusions based on the test outcomes. 

Code: 

import numpy as np 

from scipy.stats import ttest_ind 

group1 = [23, 45, 67, 89, 12, 56, 78, 90] 

group2 = [34, 56, 78, 45, 23, 67, 89, 100] 

t_stat, p_value = ttest_ind(group1, group2) 

alpha = 0.05   

print("T-statistic:", t_stat) 

print("P-value:", p_value) 

if p_value < alpha: 

    print("Conclusion: Reject the null hypothesis. The means are significantly different.") 

else: 

    print("Conclusion: Fail to reject the null hypothesis. No significant difference in means.") 

 

Output: 
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Practical No: 5(a) 
 

Aim: Perform one-way ANOVA to compare means across multiple groups. 

Code: 

import numpy as np 

import scipy.stats as stats 

group1 = [23, 45, 67, 45, 34, 34, 56, 76, 34] 

group2 = [78, 90, 67, 56, 78, 90, 98, 67] 

group3 = [45, 67, 23, 56, 45, 43, 29, 37] 

f_statistic, p_value = stats.f_oneway(group1, group2, group3) 

print("F-statistic:", f_statistic) 

print("P-value:", p_value) 

if p_value < 0.05: 

    print("Reject the null hypothesis: There are significant differences between the groups.") 

else: 

    print("Fail to reject the null hypothesis: There are no significant differences between the 

groups.") 

 

Output: 
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Practical No: 5(b) 
 

Aim: Conduct post-hoc tests to identify significant differences between group means. 

Code: 

import pandas as pd 

import numpy as np 

from statsmodels.stats.multicomp import pairwise_tukeyhsd 

from statsmodels.formula.api import ols 

from statsmodels.stats.anova import anova_lm 

data = pd.DataFrame({ 

    "group": np.repeat(['A', 'B', 'C'], 10), 

    "values": np.concatenate([ 

        np.random.normal(5, 1, 10),   

        np.random.normal(6, 1, 10),   

        np.random.normal(7, 1, 10)    

    ]) 

}) 

anova_model = ols('values ~ group', data=data).fit() 

anova_results = anova_lm(anova_model) 

print("ANOVA Results:") 

print(anova_results) 

tukey = pairwise_tukeyhsd(endog=data['values'], groups=data['group'], alpha=0.05) 

print("\nTukey HSD Results:") 

print(tukey) 

tukey.plot_simultaneous() 

 

Output: 
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Practical No: 6(a) 
 

Aim: Implement simple linear regression using a dataset. 

Code: 

import pandas as pd 

import numpy as np 

import matplotlib.pyplot as plt 

from sklearn.model_selection import train_test_split 

from sklearn.linear_model import LinearRegression 

from sklearn.metrics import mean_squared_error, r2_score 

df = pd.read_csv('dataset.csv') 

X = df[['X']]  # Independent variable 

Y = df['Y']    # Dependent variable 

X_train, X_test, Y_train, Y_test = train_test_split(X, Y, test_size=0.2, random_state=42) 

model = LinearRegression() 

model.fit(X_train, Y_train) 

Y_pred = model.predict(X_test) 

mse = mean_squared_error(Y_test, Y_pred) 

r2 = r2_score(Y_test, Y_pred) 

print(f'Mean Squared Error: {mse}') 

print(f'R-squared: {r2}') 

plt.scatter(X_test, Y_test, color='blue', label='Test Data') 

plt.plot(X_test, Y_pred, color='red', label='Regression Line') 

plt.xlabel('X') 

plt.ylabel('Y') 

plt.title('Simple Linear Regression') 

plt.legend() 

plt.show() 
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Output: 
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Practical No: 6(b) 
 

Aim: Explore and interpret the regression model coefficients and goodness-of-fit measures. 

Code: 

import numpy as np 

import pandas as pd 

from sklearn.datasets import fetch_california_housing 

from sklearn.model_selection import train_test_split 

from sklearn.linear_model import LinearRegression 

from sklearn.metrics import mean_squared_error, r2_score 

import statsmodels.api as sm 

import matplotlib.pyplot as plt 

data = fetch_california_housing(as_frame=True) 

df = data.frame 

X = df.drop(columns=["MedHouseVal"])   

y = df["MedHouseVal"]                 

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=42) 

model = LinearRegression() 

model.fit(X_train, y_train) 

coefficients = model.coef_ 

intercept = model.intercept_ 

print("Coefficients (scikit-learn):", coefficients) 

print("Intercept (scikit-learn):", intercept) 

X_train_sm = sm.add_constant(X_train) 

X_test_sm = sm.add_constant(X_test) 

model_sm = sm.OLS(y_train, X_train_sm).fit() 

print("\nStatsmodels Summary:") 

print(model_sm.summary()) 

y_pred = model.predict(X_test) 

mse = mean_squared_error(y_test, y_pred) 

rmse = np.sqrt(mse) 

r2 = r2_score(y_test, y_pred) 
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print("\nGoodness-of-Fit Measures:") 

print("Mean Squared Error (MSE):", mse) 

print("Root Mean Squared Error (RMSE):", rmse) 

print("R-squared (R2):", r2) 

print("R-squared (statsmodels):", model_sm.rsquared) 

print("Adjusted R-squared (statsmodels):", model_sm.rsquared_adj) 

residuals = y_test - y_pred 

plt.scatter(y_pred, residuals) 

plt.axhline(0, color='red', linestyle='--') 

plt.xlabel("Predicted Values") 

plt.ylabel("Residuals") 

plt.title("Residuals vs Fitted") 

plt.show() 

 

Output: 
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Practical No: 6(c) 
 

Aim: Extend the analysis to multiple linear regression and assess the impact of additional 

predictors. 

Code: 

import numpy as np 

import pandas as pd 

import statsmodels.api as sm 

from sklearn.metrics import mean_squared_error, r2_score 

from statsmodels.stats.outliers_influence import variance_inflation_factor 

import matplotlib.pyplot as plt 

import seaborn as sns 

np.random.seed(42) 

n = 100   

X1 = np.random.rand(n) 

X2 = np.random.rand(n) 

X3 = np.random.rand(n)   

X4 = np.random.rand(n)   

beta_0 = 2 

beta_1 = 3 

beta_2 = -1 

beta_3 = 1.5 

beta_4 = -2 

noise = np.random.randn(n) 

y = beta_0 + beta_1 * X1 + beta_2 * X2 + beta_3 * X3 + beta_4 * X4 + noise 

df = pd.DataFrame({'X1': X1, 'X2': X2, 'X3': X3, 'X4': X4, 'y': y}) 

X = df[['X1', 'X2', 'X3', 'X4']]   

X = sm.add_constant(X)   

y = df['y']   

model = sm.OLS(y, X).fit() 

print("Multiple Linear Regression Summary:") 

print(model.summary()) 

vif_data = pd.DataFrame() 

vif_data['Feature'] = X.columns 
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vif_data['VIF'] = [variance_inflation_factor(X.values, i) for i in range(X.shape[1])] 

print("\nVariance Inflation Factor (VIF):") 

print(vif_data) 

y_pred = model.predict(X) 

residuals = y - y_pred 

sns.histplot(residuals, kde=True) 

plt.title('Residuals Histogram') 

plt.show() 

plt.scatter(y_pred, residuals) 

plt.axhline(y=0, color='r', linestyle='--') 

plt.title('Residuals vs Fitted Values') 

plt.xlabel('Fitted Values') 

plt.ylabel('Residuals') 

plt.show() 

print(f"R-squared: {model.rsquared}") 

print(f"Adjusted R-squared: {model.rsquared_adj}") 

 

Output: 
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Practical No: 7(a) 
 

Aim: Build a logistic regression model to predict a binary outcome. 

Code: 

import pandas as pd 

import numpy as np 

from sklearn.model_selection import train_test_split 

from sklearn.linear_model import LogisticRegression 

from sklearn.metrics import accuracy_score, confusion_matrix, classification_report 

from sklearn.datasets import load_breast_cancer 

data = load_breast_cancer() 

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

df['target'] = data.target 

print("Dataset Head:") 

print(df.head()) 

X = df.drop('target', axis=1) 

y = df['target'] 

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=42) 

logreg = LogisticRegression(max_iter=1000) 

logreg.fit(X_train, y_train) 

y_pred = logreg.predict(X_test) 

accuracy = accuracy_score(y_test, y_pred) 

print(f"\nAccuracy: {accuracy:.2f}") 

conf_matrix = confusion_matrix(y_test, y_pred) 

print("\nConfusion Matrix:") 

print(conf_matrix) 

class_report = classification_report(y_test, y_pred) 

print("\nClassification Report:") 

print(class_report) 

coefficients = pd.DataFrame({'Feature': X.columns, 'Coefficient': logreg.coef_[0]}) 

coefficients = coefficients.sort_values(by='Coefficient', ascending=False) 

print("\nFeature Importance:") 

print(coefficients) 
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Output: 
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Practical No: 7(b) 
 

Aim: Evaluate the model's performance using classification metrics (e.g., accuracy, 

precision, recall). 

Code: 

from sklearn.datasets import make_classification 

from sklearn.model_selection import train_test_split 

from sklearn.ensemble import RandomForestClassifier 

from sklearn.metrics import accuracy_score, precision_score, recall_score, f1_score, 

classification_report, confusion_matrix 

X, y = make_classification(n_samples=1000, n_features=20, n_classes=2, random_state=42) 

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.3, random_state=42) 

model = RandomForestClassifier(random_state=42) 

model.fit(X_train, y_train) 

y_pred = model.predict(X_test) 

accuracy = accuracy_score(y_test, y_pred) 

precision = precision_score(y_test, y_pred) 

recall = recall_score(y_test, y_pred) 

f1 = f1_score(y_test, y_pred) 

print("Accuracy:", accuracy) 

print("Precision:", precision) 

print("Recall:", recall) 

print("F1-Score:", f1) 

print("\nClassification Report:") 

print(classification_report(y_test, y_pred)) 

print("\nConfusion Matrix:") 

print(confusion_matrix(y_test, y_pred)) 
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Output: 
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Practical No: 7(c) 
 

Aim: Construct a decision tree model and interpret the decision rules for classification. 

Code: 

import pandas as pd 

from sklearn.model_selection import train_test_split 

from sklearn.tree import DecisionTreeClassifier, export_text, plot_tree 

from sklearn.datasets import load_iris 

from sklearn.metrics import accuracy_score 

import matplotlib.pyplot as plt 

iris = load_iris() 

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

y = iris.target 

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.3, random_state=42) 

clf = DecisionTreeClassifier(random_state=42) 

clf.fit(X_train, y_train) 

y_pred = clf.predict(X_test) 

accuracy = accuracy_score(y_test, y_pred) 

print(f"Accuracy: {accuracy:.2f}") 

tree_rules = export_text(clf, feature_names=X.columns.tolist()) 

print("\nDecision Tree Rules:\n") 

print(tree_rules) 

plt.figure(figsize=(12, 8)) 

plot_tree(clf, filled=True, feature_names=X.columns, class_names=iris.target_names) 

plt.show() 
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Output: 
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Practical No: 8(a) 
 

Aim: Apply the K-Means algorithm to group similar data points into clusters. 

Code: 

import numpy as np 

import matplotlib.pyplot as plt 

from sklearn.cluster import KMeans 

from sklearn.datasets import make_blobs 

X, y = make_blobs(n_samples=300, centers=4, random_state=42) 

kmeans = KMeans(n_clusters=4, random_state=42) 

kmeans.fit(X) 

cluster_centers = kmeans.cluster_centers_ 

labels = kmeans.labels_ 

plt.figure(figsize=(8, 6)) 

plt.scatter(X[:, 0], X[:, 1], c=labels, cmap='viridis', marker='o', s=50, alpha=0.7) 

plt.scatter(cluster_centers[:, 0], cluster_centers[:, 1], c='red', marker='X', s=200, 

label='Centroids') 

plt.title("K-Means Clustering") 

plt.xlabel("Feature 1") 

plt.ylabel("Feature 2") 

plt.legend() 

plt.grid(True) 

plt.show() 

Output: 
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Practical No: 8(b) 
 

Aim: Determine the optimal number of clusters using elbow method or silhouette analysis. 

Code: 

import matplotlib.pyplot as plt 

from sklearn.cluster import KMeans 

from sklearn.datasets import make_blobs 

from sklearn.metrics import silhouette_score 

X, _ = make_blobs(n_samples=300, centers=4, random_state=42) 

sse = [] 

k_range = range(1, 11)   

for k in k_range: 

    kmeans = KMeans(n_clusters=k, random_state=42) 

    kmeans.fit(X) 

    sse.append(kmeans.inertia_)   

plt.figure(figsize=(12, 6)) 

plt.subplot(1, 2, 1)   

plt.plot(k_range, sse, marker='o') 

plt.title('Elbow Method for Optimal k') 

plt.xlabel('Number of Clusters') 

plt.ylabel('Sum of Squared Errors (SSE)') 

silhouette_scores = [] 

k_range_sil = range(2, 11)   

for k in k_range_sil: 

    kmeans = KMeans(n_clusters=k, random_state=42) 

    kmeans.fit(X) 

    score = silhouette_score(X, kmeans.labels_) 

    silhouette_scores.append(score) 

plt.subplot(1, 2, 2)   

plt.plot(k_range_sil, silhouette_scores, marker='o') 

plt.title('Silhouette Analysis for Optimal k') 

plt.xlabel('Number of Clusters') 

plt.ylabel('Silhouette Score') 
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plt.tight_layout() 

plt.show() 

 

Output: 
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Practical No: 8(c) 
 

Aim: Visualize the clustering results and analyze the cluster characteristics.. 

Code: 

import pandas as pd 

import matplotlib.pyplot as plt 

from sklearn.cluster import KMeans 

from sklearn.decomposition import PCA 

from sklearn.preprocessing import StandardScaler 

from sklearn.datasets import load_iris 

iris = load_iris() 

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

scaler = StandardScaler() 

data_scaled = scaler.fit_transform(data) 

kmeans = KMeans(n_clusters=3, random_state=42)  # n_clusters set to 3 for Iris dataset 

clusters = kmeans.fit_predict(data_scaled) 

data['Cluster'] = clusters 

pca = PCA(n_components=2) 

pca_components = pca.fit_transform(data_scaled) 

plt.figure(figsize=(8,6)) 

plt.scatter(pca_components[:, 0], pca_components[:, 1], c=clusters, cmap='viridis', s=50) 

plt.title("Clustering Results (K-Means) on Iris Dataset") 

plt.xlabel("PCA Component 1") 

plt.ylabel("PCA Component 2") 

plt.colorbar(label='Cluster') 

plt.show() 

cluster_characteristics = data.groupby('Cluster').mean()  # Mean of features per cluster 

print("Cluster Characteristics:\n", cluster_characteristics) 
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Output: 
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Practical No: 9(a) 
 

Aim: Perform PCA on a dataset to reduce dimensionality. 

Code: 

import pandas as pd 

import numpy as np 

from sklearn.decomposition import PCA 

from sklearn.preprocessing import StandardScaler 

from sklearn.datasets import load_iris 

import matplotlib.pyplot as plt 

data = load_iris() 

X = data.data   

y = data.target   

scaler = StandardScaler() 

X_scaled = scaler.fit_transform(X) 

pca = PCA(n_components=2) 

X_pca = pca.fit_transform(X_scaled) 

print(f"Explained Variance Ratio: {pca.explained_variance_ratio_}") 

print(f"Total Explained Variance: {np.sum(pca.explained_variance_ratio_)}") 

plt.figure(figsize=(8, 6)) 

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

plt.xlabel('Principal Component 1') 

plt.ylabel('Principal Component 2') 

plt.title('PCA - 2 Components') 

plt.colorbar() 

plt.show() 
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Output: 
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Practical No: 9(b) 
 

Aim: Evaluate the explained variance and select the appropriate number of principal 

components. 

Code: 

import pandas as pd 

import numpy as np 

from sklearn.decomposition import PCA 

from sklearn.preprocessing import StandardScaler 

from sklearn.datasets import load_iris 

import matplotlib.pyplot as plt 

data = load_iris() 

X = data.data   

y = data.target   

scaler = StandardScaler() 

X_scaled = scaler.fit_transform(X) 

pca = PCA() 

pca.fit(X_scaled) 

explained_variance_ratio = pca.explained_variance_ratio_ 

cumulative_explained_variance = np.cumsum(explained_variance_ratio) 

plt.figure(figsize=(8, 6)) 

plt.plot(range(1, len(explained_variance_ratio) + 1), cumulative_explained_variance, 

marker='o') 

plt.xlabel('Number of Principal Components') 

plt.ylabel('Cumulative Explained Variance') 

plt.title('Cumulative Explained Variance vs. Number of Components') 

plt.axhline(y=0.95, color='r', linestyle='--', label="95% Variance Threshold") 

plt.legend() 

plt.show() 

n_components_95 = np.argmax(cumulative_explained_variance >= 0.95) + 1 

print(f"Number of components that explain 95% of the variance: {n_components_95}") 

pca = PCA(n_components=n_components_95) 

X_pca = pca.fit_transform(X_scaled) 
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print(f"Explained Variance Ratio for {n_components_95} components: 

{pca.explained_variance_ratio_}") 

print(f"Total Explained Variance: {np.sum(pca.explained_variance_ratio_)}") 

 

Output:  
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Practical No: 9(c) 
 

Aim: Visualize the data in the reduced-dimensional space. 

Code: 

import matplotlib.pyplot as plt 

from sklearn.decomposition import PCA 

from sklearn.manifold import TSNE 

from sklearn.preprocessing import StandardScaler 

from sklearn.datasets import load_iris 

import pandas as pd 

iris = load_iris() 

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

labels = iris.target 

scaler = StandardScaler() 

scaled_data = scaler.fit_transform(data) 

pca = PCA(n_components=2)  # Reduce to 2D 

pca_result = pca.fit_transform(scaled_data) 

plt.figure(figsize=(8, 6)) 

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

edgecolor='black') 

plt.title('PCA - 2D Reduced Data') 

plt.xlabel('Principal Component 1') 

plt.ylabel('Principal Component 2') 

plt.legend(*scatter.legend_elements(), title="Classes") 

plt.show() 

tsne = TSNE(n_components=2)   

tsne_result = tsne.fit_transform(scaled_data) 

plt.figure(figsize=(8, 6)) 

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

edgecolor='black') 

plt.title('t-SNE - 2D Reduced Data') 

plt.xlabel('t-SNE Component 1') 

plt.ylabel('t-SNE Component 2') 

plt.legend(*scatter.legend_elements(), title="Classes") 
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plt.show() 

 

Output: 
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Practical No: 10(a) 
 

Aim: Create meaningful visualizations using data visualization tools. 

Code: 

import matplotlib.pyplot as plt 

import seaborn as sns 

import pandas as pd 

import numpy as np 

data = {'Date': pd.date_range(start='2022-01-01', periods=10, freq='D'), 

        'Sales': [100, 120, 150, 170, 180, 160, 140, 130, 180, 200]} 

df = pd.DataFrame(data) 

categories = ['A', 'B', 'C', 'D', 'E'] 

values = [5, 7, 9, 3, 6] 

data_heatmap = np.random.rand(10, 12) 

df_heatmap = pd.DataFrame(data_heatmap, columns=[f'Var{i}' for i in range(1, 13)]) 

x = [1, 2, 3, 4, 5] 

y = [2, 3, 5, 7, 11] 

fig, axes = plt.subplots(2, 2, figsize=(15, 10)) 

axes[0, 0].plot(df['Date'], df['Sales'], marker='o', linestyle='-', color='b') 

axes[0, 0].set_title('Sales Over Time') 

axes[0, 0].set_xlabel('Date') 

axes[0, 0].set_ylabel('Sales') 

axes[0, 0].tick_params(axis='x', rotation=45) 

axes[0, 0].grid(True) 

sns.barplot(x=categories, y=values, palette='viridis', ax=axes[0, 1]) 

axes[0, 1].set_title('Category Comparison') 

axes[0, 1].set_xlabel('Category') 

axes[0, 1].set_ylabel('Value') 

sns.heatmap(df_heatmap.corr(), annot=True, cmap='coolwarm', linewidths=0.5, ax=axes[1, 

0]) 

axes[1, 0].set_title('Correlation Heatmap') 

axes[1, 1].scatter(x, y, color='r', label='Data Points') 

axes[1, 1].set_title('Scatter Plot: Relationship Between X and Y') 

axes[1, 1].set_xlabel('X Value') 
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axes[1, 1].set_ylabel('Y Value') 

axes[1, 1].legend() 

plt.tight_layout() 

plt.show() 

 

Output: 
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Practical No: 10(b) 
 

Aim: Combine multiple visualizations to tell a compelling data story. 

Code: 

import pandas as pd 

import matplotlib.pyplot as plt 

import seaborn as sns 

import plotly.express as px 

from plotly.subplots import make_subplots 

import plotly.graph_objects as go 

data = { 

    "Month": pd.date_range("2023-01-01", periods=12, freq="M").strftime("%b"), 

    "Region": ["North", "South", "East", "West"] * 3, 

    "Sales": [2500, 3000, 4000, 2000, 2600, 3200, 4100, 2200, 2700, 3300, 4200, 2300], 

    "Category": ["Electronics", "Fashion", "Home", "Books"] * 3, 

    "Age_Group": ["18-25", "26-35", "36-45", "46-55"] * 3, 

    "Customer_Count": [120, 150, 200, 100, 130, 160, 210, 110, 140, 170, 220, 120], 

} 

df = pd.DataFrame(data) 

month_order = ["Jan", "Feb", "Mar", "Apr", "May", "Jun", "Jul", "Aug", "Sep", "Oct", 

"Nov", "Dec"] 

df["Month"] = pd.Categorical(df["Month"], categories=month_order, ordered=True) 

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

sns.lineplot(data=df.groupby("Month")["Sales"].sum().reset_index(), x="Month", y="Sales", 

marker="o", color="blue") 

plt.title("Monthly Sales Trend", fontsize=16) 

plt.xlabel("Month", fontsize=12) 

plt.ylabel("Sales ($)", fontsize=12) 

plt.grid() 

plt.show() 

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

sns.barplot(data=df.groupby("Region")["Sales"].sum().reset_index(), x="Region", y="Sales", 

palette="viridis") 

plt.title("Sales by Region", fontsize=16) 
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plt.xlabel("Region", fontsize=12) 

plt.ylabel("Sales ($)", fontsize=12) 

plt.show() 

fig_pie = px.pie( 

    df.groupby("Category")["Sales"].sum().reset_index(), 

    names="Category", 

    values="Sales", 

    title="Product Category Contribution", 

    color_discrete_sequence=px.colors.sequential.RdBu 

) 

fig_pie.show() 

fig_scatter = px.scatter( 

    df, x="Customer_Count", y="Sales", color="Age_Group", 

    title="Customer Count vs Sales by Age Group", 

    size="Sales", hover_data=["Region"] 

) 

fig_scatter.show() 

geo_data = { 

    "Region": ["North", "South", "East", "West"], 

    "Latitude": [28.6139, 12.9716, 22.5726, 19.0760], 

    "Longitude": [77.2090, 77.5946, 88.3639, 72.8777], 

} 

geo_df = 

pd.DataFrame(geo_data).merge(df.groupby("Region")["Sales"].sum().reset_index(), 

on="Region") 

fig_map = px.scatter_geo( 

    geo_df, 

    lat="Latitude", 

    lon="Longitude", 

    size="Sales", 

    hover_name="Region", 

    title="Geographic Sales Distribution", 

    color="Sales", 
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    color_continuous_scale=px.colors.sequential.Plasma, 

) 

fig_map.show() 

fig_dashboard = make_subplots( 

    rows=2, cols=2, 

    specs=[[{}, {}], [{"type": "domain"}, {}]],  # Define "domain" type for pie chart 

    subplot_titles=("Monthly Sales Trend", "Sales by Region", "Product Category 

Contribution", "Customer Count vs Sales"), 

) 

monthly_sales = df.groupby("Month")["Sales"].sum().reset_index() 

line_fig = go.Scatter(x=monthly_sales["Month"], y=monthly_sales["Sales"], 

mode='lines+markers', name='Sales') 

fig_dashboard.add_trace(line_fig, row=1, col=1) 

region_sales = df.groupby("Region")["Sales"].sum().reset_index() 

bar_fig = go.Bar(x=region_sales["Region"], y=region_sales["Sales"], name="Sales by 

Region") 

fig_dashboard.add_trace(bar_fig, row=1, col=2) 

category_sales = df.groupby("Category")["Sales"].sum().reset_index() 

pie_fig = go.Pie(labels=category_sales["Category"], values=category_sales["Sales"], 

name="Category Share") 

fig_dashboard.add_trace(pie_fig, row=2, col=1) 

scatter_fig = go.Scatter( 

    x=df["Customer_Count"], y=df["Sales"], mode='markers', 

    marker=dict(size=10), name="Age vs Sales" 

) 

fig_dashboard.add_trace(scatter_fig, row=2, col=2) 

fig_dashboard.update_layout(height=800, width=1000, title_text="E-commerce Sales 

Dashboard") 

fig_dashboard.show() 
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Output: 
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Practical No: 10(c) 
 

Aim: Present the findings and insights in a clear and concise manner. 

Code: 

import pandas as pd 

import matplotlib.pyplot as plt 

import seaborn as sns 

from sklearn.datasets import load_diabetes 

from sklearn.linear_model import LinearRegression 

from sklearn.model_selection import train_test_split 

data = sns.load_dataset('titanic') 

print("Summary Statistics:\n", data.describe(include='all')) 

print("\nMissing Values:\n", data.isnull().sum()) 

age_survival = data.groupby('age')['survived'].mean().dropna() 

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

plt.plot(age_survival, marker='o') 

plt.title('Survival Rate by Age') 

plt.xlabel('Age') 

plt.ylabel('Survival Rate') 

plt.grid() 

plt.show() 

class_counts = data['class'].value_counts() 

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

plt.pie(class_counts, labels=class_counts.index, autopct='%1.1f%%', startangle=140) 

plt.title('Passenger Class Distribution') 

plt.show() 

class_survival = data.groupby('class')['survived'].mean() 

plt.figure(figsize=(8, 6)) 

class_survival.plot(kind='bar', color='skyblue') 

plt.title('Survival Rate by Class') 

plt.xlabel('Class') 
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plt.ylabel('Survival Rate') 

plt.xticks(rotation=0) 

plt.show() 

num_data = data[['age', 'fare', 'survived']].dropna() 

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

sns.heatmap(num_data.corr(), annot=True, cmap='coolwarm', fmt='.2f') 

plt.title('Correlation Matrix') 

plt.show() 

diabetes = load_diabetes() 

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

y = diabetes.target 

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=42) 

model = LinearRegression() 

model.fit(X_train, y_train) 

score = model.score(X_test, y_test) 

print("\nModel R-squared:", score) 

predictions = model.predict(X_test) 

print("\nPredictions (first 5):\n", predictions[:5]) 

peak_fare = num_data['fare'].max() 

peak_age = num_data.loc[num_data['fare'].idxmax(), 'age'] 

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

plt.scatter(num_data['age'], num_data['fare'], alpha=0.6, label='Passengers') 

plt.title('Age vs Fare') 

plt.xlabel('Age') 

plt.ylabel('Fare') 

plt.annotate(f"Peak Fare: {peak_fare:.2f}", xy=(peak_age, peak_fare), 

             xytext=(peak_age + 5, peak_fare - 50), 

             arrowprops=dict(facecolor='red', shrink=0.05)) 

plt.grid() 

plt.legend() 

plt.show() 
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Output: 
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