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Clustering
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Clustering

Definition

● Clustering: dividing a set of 

objects into clusters such that 

objects within the same 

cluster are similar, while 

distinct clusters are clearly 

different.

● "Similarity" is measured by 

distance—the closer two 

points are, the more similar 

they are.

● K-Means: The idea is:

○ Pre-select k clusters, 

each with a centroid; 

○ Assign each point to the 

cluster with the nearest 

centroid; 

○ Shift the centroid to the 

mean of the points 

within that cluster; 

○ Repeat the process 

until stability is reached.
"Means" = averages: because the center of each cluster is the average of 

its members.
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Clustering

Definition

● Euclidean distance: For a point x = (x1, x2, …, xm)
and a cluster center c = (c1, c2, …, cm) (m = number 

of features/columns):

● Cluster center = average (centroid update): The 

center of cluster Sj is the average of the coordinates 

of all points in the cluster:

(e.g., the centroid's income coordinate is the average income of 

customers in the cluster; similarly for Spend).
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Clustering

K-Means algorithm (Lloyd's)

● Step 1: Choose k and 

initialize k initial centroids 

(randomly or by selecting k 

points).

● Step 2 - Assignment step: 

assign each point to the 

cluster with the nearest 

center (using Euclidean 

distance).

● Step 3 - Update step: 

recalculate each centroid as 

the average of the points 

assigned to that cluster.

● Step 4 - Repeat steps 2–3

until the centers (or 

assignments) remain 

unchanged → convergence.
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Clustering

K-Means algorithm (Lloyd's)

● Evaluation: To measure the 

"quality" of the clusters, 

WCSS (inertia) is used.

● WCSS (Within-Cluster Sum 

of Squares) = the sum of the 

squares of the distances from 

each point to its cluster center

The smaller the WCSS, the more closely the points 

cluster around the center, and the "tighter" the cluster 

becomes. 

k-Means is essentially the process of progressively 

reducing WCSS through iterations.
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Clustering

K-Means algorithm (Lloyd's)

● Example: Data: 6 customers, 2 

features (income, spend):

=> Choose k = 2 and initialize (deliberately "poorly") C1 = (2, 2) and 

C2 = (3, 3).
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Clustering

K-Means algorithm (Lloyd's)

● Example: Data: 6 customers, 2 

features (income, spend):

Iteration 1

- Calculate the distance from each point to the two centroids 

and assign it to the nearer centroid. For example, with P3 = 

(3, 4):

→ P3 is closer to C2 → assign to cluster 2. 

● Repeat the process: P1 → cluster 1; 

● P2, P3, P4, P5, P6 → cluster 2. 

● Update centroids: C1 = (2, 2); C2 = average of {P2, P3, P4, P5, P6} = (7.8, 7.4).
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Clustering

K-Means algorithm (Lloyd's)

● Example: Data: 6 customers, 2 

features (income, spend):

Iteration 2

- Reassign to new centroids → P1, P2, P3 → Cluster 1;

- P4, P5, P6 → Cluster 2. 

- Update centroids: 

- C1 = average of {P1, P2, P3} = (2.67, 3.0); 

- C2 = average of {P4, P5, P6} = (11, 10).
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Clustering

K-Means algorithm (Lloyd's)

● Example: Data: 6 customers, 2 

features (income, spend):

Iteration 3

- Reassignment → unchanged (P1, P2, P3 Cluster 1; P4, 

P5, P6 Cluster 2).

- Centroids unchanged → CONVERGENCE.



Trong-Nghia Nguyen 12DM

Clustering

K-Means algorithm (Lloyd's)

● Example: Data: 6 customers, 2 

features (income, spend):

- Result: two distinct clusters: 

- The "low-spending" group {P1, P2, P3} 

- The "high-spending" group {P4, P5, P6}. 

- WCSS = 6.67.

Note on initialization: since initial centers are chosen randomly, k-Means can yield different results across runs. In practice, the tool 

runs multiple times and retains the result with the lowest WCSS (controlled by the ̀ n_init` or "replications" parameter).
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Clustering

K selection

K-Means does not automatically know how many clusters to form—we 

have to choose k.

● Method 1: The Elbow Method

● Run k-Means with various values ​​of k (1, 2, 3, ...) 

and plot WCSS against k. 

● WCSS always decreases as k increases, but at a 

certain point, the rate of decrease slows down 

significantly—forming an "elbow." Select the value 

of k at that elbow.

● In the example figure: WCSS drops from 184 to 

6.67 as k goes from 1 to 2, then levels off. There is 

an "elbow" at k = 2, so we choose 2 clusters 

(consistent with intuition).
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Clustering

K selection

K-Means does not automatically know how many clusters to form—we 

have to choose k.

● Method 2: Silhouette coefficient

● Measure how well a point fits into its cluster. For a 

single point:

○ a = average distance to points within the 

same cluster (the smaller, the better).

○ b = average distance to the points of the 

nearest neighboring cluster.
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Clustering

Normalization

● k-Means is based on distance, so the scale of the 

variables has a direct impact.

● For example, Income (0–100 million) and Age (0–

100 years) operate on different scales: if income is 

measured in millions while age is in the tens, the 

distance between points depends almost entirely 

on income—effectively "swamping" the age 

variable.

● Solution: Normalize or standardize all variables to 

the same scale (e.g., 0–1, or mean 0 and standard 

deviation 1) before clustering.
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Clustering

Limitation
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Clustering

Pipeline
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Customer Segmentation

Definition

Customer segmentation is a classic application of 

clustering: grouping customers with similar behaviors

or characteristics so they can be treated differently. 

For instance, based on spending, visit frequency, and 

income, k-Means can reveal:

● High-value customers (high spending, frequent 

visits) → VIP care, retention.

● Potential customers (high income, low spending) 

→ demand stimulation and promotions.

● Low-value customers → optimize service costs
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Customer Segmentation

Tools
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Example

Example 1
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Example

Example 2
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Example

Example 3
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Example

Example 4
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Thank you!
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