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numpy as np
pandas as p

matplotlib.pyplot as plt

d

seaborn as sns

warnings

warnings.filterwarnings('ignore")

dataset =

dataset.info()
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[8950 rows x 18 columns]
print(dataset.dtypes)
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X = dataset.iloc[:, 1:].values

plt.figure(figsize=(12,12))
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sns.heatmap(dataset.corr(), annot=True)

plt.show()
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from sklearn.impute import SimpleImputer

imputer = SimpleImputer(missing values= np.NAN, strategy= 'mean’,

fill value=None, verbose=0, copy=True)
imputer = imputer.fit(X)
X = imputer.transform(X)

from sklearn.preprocessing import StandardScaler
sc_ X = StandardScaler()
X = sc X.fit transform(X)
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from sklearn.cluster import KMeans
wcss = []
for i in range(1,18):
kmeans = KMeans(n clusters=i, init='k-means++', max iter=300,
n _init=10, random state=0).fit(X)
wcss.append(kmeans.inertia )

plt.plot(range(1,18), wcss)
plt.title('Elbow Method"')
plt.xlabel( 'Number of Cluster')
plt.ylabel('WCSS")

plt.show()
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kmeans = KMeans(n clusters=8, init='k-means++', max iter=300,
n init=10, random state=0)
y kmeans = kmeans.fit predict(X)

y kmeans
array([06, 3, 5, ..., 7, 7, 7], dtype=int32)

dataset['Cluster'] = y kmeans
dataset.head()
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0 (10001 40.900749 0.818182 95.40 0.00
1 (10002 3202.467416 0.909091 0.00 0.00
2 (Cloo03 2495.148862 1.000000 773.17 773.17
3 (Clo004 1666.670542 0.636364 1499.00 1499.00
4 (Clo005 817.714335 1.000000 16.00 16.00
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3 0.0 205.788017 0.083333
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0 201.802084 139.509787 0.000000 12 0
1 4103.032597 1072.340217 0.222222 12 3
2 622.066742 627.284787 0.000000 12 5
3 0.000000 NaN 0.000000 12 0
4 678.334763 244 .791237 0.000000 12 0

plt.figure(figsize=(10,6))
sns.scatterplot(data=dataset, x='ONEOFF PURCHASES', y='PURCHASES',

hue='Cluster')



plt.title('Distribution of clusters based on One off purchases and
total purchases')

plt.show()

Distribution of clusters based on One off purchases and total purchases
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Conclusion:

OMEOFF_PURCHASES

By segmenting the data into 7 clusters, we have effectively categorized the dataset based on
distinct characteristics or patterns. These segments can provide valuable insights for
formulating targeted marketing strategies. Since each segment exhibits different purchase
capacities, understanding these variations allows for tailored approaches to maximize

effectiveness and

meet the unique needs of each customer group.




