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Abstract

Unsupervised clustering using K-means produces unlabeled groups, hindering direct evaluation.

We propose a concise pipeline that uses the Linear Sum Assignment Problem to optimally map

clusters to true classes and bootstrap resampling to assess stability. Applied to the Iris dataset, our

method achieves 89% accuracy. This framework readily extends to other clustering algorithms

and high-dimensional data for principled cluster validation.

Backgrounds and Goals

Review k-means clustering theory and convergence properties.

Assess clustering performance using only predictor subsets (petal and sepal measurements).

Implement label-matching via majority vote and solve-LSAP for one-to-one mapping.

Evaluate accuracy and computational efficiency across subsets over repeated trials.

Identify feature sets that maximize unsupervised classification accuracy.

K-Means Clustering

K-means Objective:

J =
n∑

i=1
‖xi − µci‖

2

Algorithm Steps:

1. Initialization: Choose K initial centroids {µ
(0)
j }.

2. Assignment: For each i, set c
(t)
i = arg minj ‖xi − µ

(t−1)
j ‖2.

3. Update: For each cluster j, set µ
(t)
j = 1

|C(t)
j |

∑
i∈C

(t)
j

xi.

4. Iterate until assignments stabilize or max iterations reached.

Figure 1. Illustration of the assignment and update steps in k-means.

NewAlgorithms

Notation:

X ∈ Rn×p: predictor matrix of n observations and p features.
Y = {yi}n

i=1: true class labels for each of the n observations.
K: number of clusters to fit in K-means.
B: number of repetitions (bootstrap samples or random restarts).

1. Random K-means: Run K-means on X with K clusters (fresh random init each time) to

obtain cluster assignments {ci}n
i=1.

2. Optimal relabeling: Construct the contingency table nkj = |{i : ci = k, yi = j}| and solve
the Linear Sum Assignment Problem (Hungarian algorithm) to map each cluster index k to
its best-matching label in {1, . . . , C}.

3. Bootstrap repeats: Repeat steps 1 – 2 a total of B times (and/or over all combinations of

predictor subsets) to capture variability in clustering results and mapping.

4. Feature ranking: For each run record the clustering accuracy and runtime; then for each

feature-set compute

accuracy = 1
B

B∑
b=1
accb, Ttotal =

B∑
b=1

tb,

and rank variable-sets by mean accuracy and/or efficiency accuracy/Ttotal.

Results

Features Mean Accuracy Time (s)

Petal.Length + Petal.Width 0.986 4.2

Petal.Width 0.980 2.8

Petal.Length 0.973 2.9

Sepal.Length + Petal.Length 0.960 5.1

Sepal.Width + Petal.Width 0.953 4.7

Top 5 Feature Combinations by Accuracy

Figure 2. Comparison of mean accuracy across feature subsets.

Key Insight: Petal measurements alone are sufficient to achieve >98% clustering-based

classification accuracy in Iris.

Additional Findings: LSAPMapping

Confusion Matrix Example:
Cluster 1 Cluster 2 Cluster 3

Setosa 50 0 0
Versicolor 0 48 2
Virginica 0 3 47


Here, rows are true species and columns are assigned clusters.

LSAPMapping:We solve the Linear Sum Assignment Problem to maximize correct matches:

max
π

3∑
i=1

Mi,π(i),

whereM is the confusion matrix. Using solve_LSAP, we obtain the optimal cluster-to-species
assignment:

Cluster Species

1 Setosa

2 Versicolor

3 Virginica

FutureWork

Evaluate other clustering methods: hierarchical, Random Forest Models.

Extend framework to higher-dimensional real-world datasets (e.g., economics, genomics,

sensor data).

Integrate semi-supervised learning to refine cluster labels with limited annotations.

Explore feature selection and dimensionality reduction impacts such as PCA.
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