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a(1) = average dissimilarity of i to all other objects of A.
d(i,C') = average dissimilarity ofi to all objects of C.

b(t1) = ming 24 d(z, C).
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Algorithm 1: Balanced Clustering with Recursive Shift

1 function Initialize(X, D, C):

2 K< 1(2D)/ C]

3 (L, centroids) < K-Means(X, K)
4 ComputeSecondLabels(X, L)

5 ComputeSilhouette(X, L)

6 friction[i] < 0, tabu <« @

7  function RecursiveShift():

8 while max(demandSum(k)) > C:

9 giver < argmax(demandSum(k))
10 Shift(giver)

11 function Shift(k):

12 if demandSum(k) < C:

13 return

14 d < argmin(sil[i]) for i in cluster k
15 Move(d — secondLabels[d])

16 friction[d] += A

17 Update silhouette coefficients

18 Shift(labels[d]) // Recursive call
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.2 Network-Based Approach
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Shortest Path
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Algorithm 2: Balanced Clustering with Cluster network

function Initialize(X, demand, capacity):
Perform K-Means clustering with appropriate number of clusters
Compute silhouette scores

Initialize tabu list and cluster network

1

2

3

4

5 function RunAlgorithm():
6 While clusters do not satisfy capacity:

7 Execute transportation algorithm to balance clusters
8 If balanced, display results and exit

9 Else, add dummy clusters and re-run K-Means

10 function TransportationAlgorithm():

11 While capacity constraints are not met:

12 Select source and target clusters based on demand
13 Avoid source clusters using tabu search

14 Move data along the shortest path

15 Recompute centroids and update network

16 If no change (cycle detected), add dummy cluster

17 function UpdatePartialNetwork(affected_clusters):

18 Recalculate edges for affected clusters

19 Ensure graph connectivity

20 function TransportData(source, target):

21 Find shortest path and move data between clusters
22 Update labels, cluster sizes, and demand sums
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Group 1: {"samples": 50, “"demand_range": (5, 20), "clustering_capacity": 100},
Group 2: {"'samples": 120, "demand_range": (15, 35), ‘clustering_capacity": 150},
Group 3: {"samples": 200, "demand_range": (1, 100), ‘clustering_capacity": 200},
Group 4: {"samples": 1000, "demand_range": (1, 10), ‘clustering_capacity": 500},
Group 5: {"'samples": 300, "demand_range": (25, 60), ‘clustering_capacity": 350},
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