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Abstract—Professional evaluations for unsupervised learning
algorithms are a crystal important and challenging topic due to
its input-output specialty. There are no output labels available
in unsupervised learning models to work as an evaluation
criterion to check and compare the predicted outputs with the
actual outputs. In other words, it is relatively difficult to
effectively estimate or validate the correctness or efficiency of
any unsupervised learning algorithms with regular methods
used in supervised learning studies.

In this study, we developed a simplified evaluation method by
using average or mean values for testing observations and
comparing them with the mean values of clustered observations
to identify their correctness of their clustering. This method can
be used to effectively perform some evaluations for
unsupervised learning models. A comparison between our
method with some traditional evaluation methods, such as
Silhouette Scores, is performed and the comparison result shows
that our method is better than that traditional method.

The experimental study confirmed the effectiveness of our
evaluation methods used for unsupervised learning algorithms,
and the correct evaluation rate is up to 97%.
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internal validation metrics, Silhouette scores, Calinski-
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1. INTRODUCTION

Unsupervised learning (UL) is one of the most popular
study fields in machine learning (ML), and it plays important
roles in Al implementations and applications in recent years.
However, for most UL algorithms and models, a key and
challenging issue is how to correctly and accurately evaluate
and validate a UL algorithm to make sure that it is a good
candidate in most Al implementations. Although UL is a
popular algorithm and widely implemented in all aspects in
our world, few of studies related to evaluations of UL with
new methods has been reported so far. Most of the research
is related to using traditional validation methods, either
internal or external validation methods, to evaluate various
UL models.

[1] provides some extensions of cross-validation methods
to evaluate UL algorithms. Julio-Omar et al. provided a full
review for internal and external validation methods [2].
Andreas Vlachos suggested using an in-context evaluation to
evaluate unsupervised learning models [3]. Garg, Vikas, and
Adam T. Kalai introduced a framework to transfer knowledge
acquired from a repository of (heterogeneous) supervised
datasets to new unsupervised datasets [4]. Martin et al.
provided a survey for most internal evaluation strategies used
for unsupervised learning but concluded that none of the

existing and adapted strategies would be practically useful for
evaluation of unsupervised learning models [5]. Portela et al.
also provided a survey for most evaluation methods used in
supervised and unsupervised learning models, such as SVM
and K-Means, but concluded that not all evaluation methods
would be good for unsupervised learning models [6].
Padmavathi et al. evaluated six unsupervised learning models
with internal and external validation metrics with a
conclusion that the K-Means method has the highest
clustering accuracy of 88% for mobile malware detection [7].
Khoei et al. evaluated the performance of four unsupervised
deep learning models with traditional methods, such as
Calinski harabasz score, Silhouette Score, homogeneity,
completeness, and V-measure, with a conclusion that the
Convolutional Auto-Encoder has the best performance results
among the other unsupervised deep learning models [8]. O.
Toyin et al. evaluated three popular unsupervised learning
algorithms, KNN, K-Mean and Hierarchical Clustering (HC),
with locally sourced data from Ekiti State Teaching Hospital,
Ado Ekiti, and appraised using standard metrics [9].

R. Barreto, L. Gomes and Z. Valeused used a set of
unsupervised learning evaluation metrics to evaluate
members’ data for the planned demand response events [10].
A. U. Haq et al. used k fold cross validation method to
evaluate their unsupervised learning models to find optimal
model used to detect breast cancers [11]. Zou et al. proposed
a pseudo-label generation and ranking guidance (PGRG)
framework for label-free PIQA to transfer an unsupervised
learning model to a supervised learning model to improve the
palmprint recognition processing [12].

For all the above methods used to evaluate UL models,
they are either very complicated in principles and
implementations or just traditional validation metrics with
limited validation accuracy.

In this study, we proposed a simplified evaluation method
by using average or mean values of testing observations and
comparing them with the mean values of clustered
observations to identify their correctness of their clustering.
This method can be used to effectively perform some
evaluations for unsupervised learning models. A comparison
between our method with some traditional evaluation
methods, such as Silhouette Scores, is performed and the
comparison result shows that our method is better than that of
traditional method.

This study is divided into five sections. After the
introduction part, a quick review for some traditional
validation metrics is given in section 2. Detailed introduction
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for our simplified evaluation method is provided in part 3.
Section 4 shows a comparison of evaluation results between
our simplified evaluation method and traditional validation
method, Silhouette score, to illustrate the effectiveness of our
method.

1L TRADITIONAL EVALUATION METHODS FOR UL

Traditionally, the evaluation methods used for
unsupervised learning models include Internal Validation
Metrics, such as Silhouette Score, Calinski-Harabasz Index,
Davies-Bouldin Index, Dunn Index, and Inertia, as well as
External Validation Metrics, such as Adjusted Rand Index,
Mutual Information Score and Cophenetic Correlation
Coefficient [13].

Relatively speaking, the internal validation metrics are
more popular due to their simplicity and easy to use. In this
study, we will concentrate on this kind of method with more
discussions about them.

Silhouette Score measures how well an observation fits
into its assigned cluster compared to other clusters. Calinski-
Harabasz Index, also known as the Variance Ratio Criterion,
evaluates the cluster validity based on the average between-
cluster and within-cluster sum of squares. The principle of
these two methods is basically based on the distance ratios
between the same cluster and different clusters. Due to their
similarity, we use the silhouette score to illustrate the function
of these two methods.

The silhouette score is a measure of how similar an object
is to its own cluster (cohesion) compared to other clusters
(separation) [14]. The Silhouette score is exactly a value
between -1 and 1, where higher values indicate better
clustering. This index is especially useful for high-
dimensional datasets used for clustering purposes.

Suppose a collection of input data has been clustered by
using any clustering technique, such as k-means. For a data
point i€ Ci (data point i in the cluster Ci, i = 1 ~ n), let a(7) be
the mean distance between i and all other data points in the
same cluster, where n is the number of points belonging to
cluster i,

a(i) = ==Y jec,izj 4. J) @1

Then we define the mean dissimilarity of point i to all other
cluster Cj as the mean of the distance from i to all points in
Cj as b(i) as

. ming ..
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where m is the number of points in the cluster C.
We can define the silhouette score of one data point i as

~ _ b-a(
s@) = max(a(i),b(i)) 23)
I1I. SIMPLIFIED EVALUATION METHOD FOR UL

MODELS

In our study, we used a simplified evaluation method to
evaluate the results of unsupervised learning models. This
method is to calculate the mean or average values of testing
data points and find the closest or similar mean values for

the clustered data points to confirm and validate the
unsupervised learning outcomes. To make things clear, we
utilized a Diabetes dataset [15] as the input dataset to train
and test some unsupervised learning algorithms, such as k-
means, to confirm the effectiveness of our method.

During the training process, the top 500 observations of
two features, Glucose and BMI, are used with k-means
method to cluster them into two classes or clusters. Then the
means for those two groups of observations are calculated
based on their clusters

m
1
m_XC1 = —Z X(idx == 1,:)
m i=1

m_XC2 = —YM, X(idx == 2,:) 3.1)

where m is the number of rows or observations (500) in the
training data, and idx is the trained cluster number (1 or 2),
and X is the training data (2 columns or features, Glucose and
BMI).

Then the following 100 data in the Diabetes dataset with
two columns, Glucose and BMI, work as the testing data XX
to confirm the clustering results. The k-mean algorithm is
used to cluster those testing data into two clusters (1 or 2), in
which 1 means no diabetes (0 in the Outcome column in the
Diabetes dataset) and 2 means diabetes (1 in the Outcome
column in the Diabetes dataset). Then the mean values of
each row or observation in the testing data with two columns
are computed as:

m_XC =237 [XX(, 1) + XX, 2)] 3.2)
where 7 is the number of testing data (n = 100 in this study).

Finally, a comparison is performed to compare the mean
values between the clustered training data, m_XC1 and m_XC2,
and the mean values of clustered testing data m_XC. If the
difference between them is within a desired range, the
clustering result is correct. Otherwise, they are incorrect. That
desired error range needs to be experimentally determined
based on real applications.

The operational procedure of using our method is shown
below.

1) Training the k-means model by using the top 500
observations in Diabetes dataset with two columns,
Glucose and BMI, to cluster them into 2 classes or
clusters.

2) Calculate the mean values for
observations, m_XC1 and m_XC2.

3) Use another 100 observations in the Diabetes dataset as
the testing records, and use k-means algorithm to cluster
those 100 observations into 2 classes or clusters.

4) Calculate the mean or average values for 100 clustered
testing data.

5) Compare the mean values of 100 clustered testing data
with the mean values of the trained data, m_XC1 and
m_XC2, to confirm the matched cluster for all testing
data.

6) Calculate the difference between the matched and
unmatched clustered data in the testing data to get the
clustering accuracy.

two clustered
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Fig. 1. The clustering result for top 500 observations on Diabetes dataset.

Figure 1 shows the clustering results for the top 500
training data. The horizontal is the Glucose data and the
vertical indicates the BMI data.

IV A COMPARISON AMONG SILHOUETTE SCORE AND
CALINSKI-HARABASZ INDEX WITH OUR SIMPLIFIED
METHOD

A comparison study (Figure 2) is performed between the
traditional Silhouette score method and our simplified
method to compare the clustering accuracy for two methods.
The last 100 records in our Diabetes dataset are used for this
comparison purpose.

When using Silhouette score method, the clustering result
is correct if the Silhouette score for the tested data is >= 0.5
and incorrect when that score is < 0.5. As for our simplified
method, if the difference between the mean values of 100
clustered testing data and the mean values of the clustered
training data is within a tolerance range, that clustering result
can be considered as a correct one, otherwise it would be an
incorrect one. This tolerance range needs to be determined
experimentally by actual applications. In our study, this range
is about 10.

First the Silhouette score method is used to validate the
clustering results for those 100 data, and our simplified
method is adopted to perform a similar validation for 100
data. The clustering correct rate or accuracy for the Silhouette
score method is 77%, but the clustering correct rate for our
simplified method is ranged between 77% and 97%.
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Fig. 2 Clustering result for the 100 observations on Diabetes dataset.

Table 1. Asmall collection of Silhouette Scores of top 10 testing data.

1 117 25.2 1 0.7251 0 Correct
2 84 37.2 1 0.5612 0 Correct
3 96 39.0 1 0.5085 1 Incorrect
4 94 333 1 0.5189 0 Correct
5 96 37.3 1 0.8005 0 Correct
6 75 333 2 0.7063 0 Incorrect
7 180 36.5 2 0.8625 1 Correct
8 130 28.6 1 0.7397 0 Correct
9 84 30.4 2 0.7505 0 Incorrect
10 120 25.0 1 0.7396 0 Correct
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Fig. 3 The histogram of the crusting accuracy for three methods.

Secondly, we also use the Calinski-Harabasz Index method
to validate the clustering results for those 100 data. The
clustering correct rate or accuracy for the Calinski-Harabasz
Index method is about 81%. A histogram presentation of the
crusting accuracy for three methods is shown in Figure 3.

Table 1 shows an example or a small collection of
Silhouette Scores of top 10 testing data for two selected
columns, Glucose and BMI. It can be found that the correct
clustering rate is about 70%. In the Table 1, The column
Cluster contained the clustering results for two features in the
testing data, the column Outcome is the label for each row in
the original Diabetes dataset. The purpose of using that
column is to confirm and check the clustering results. A
cluster 1 means no diabetes, which is equivalent to O in the
Outcome column, and a cluster 2 indicates a diabetes case,
which is equivalent to 1 in the Outcome column in the
original Diabetes dataset. If a row in which the cluster is 1
and the corresponding Outcome is 0 with higher Silhouette
score (> 0.5), which means that the clustering result is
identical with that of Outcome value and the clustering result
is correct. This is also true to the situation where a cluster is
2 and the corresponding Outcome is 1 with higher Silhouette
score. Otherwise, if the cluster is 1 but the corresponding
Outcome is also 1 with a higher Silhouette score, or if the
cluster is 2 and the corresponding Outcome is 0 with higher
Silhouette score, the clustering result would be wrong.

We built a MATLAB program to test and confirm our
simplified evaluation algorithm, and the program running
result shows below:

NumObservations: 500
InspectedK: [12 345 6]
CriterionValues: [NaN 0.7105 0.6008 0.5751 0.6045 0.5614]
OptimalK: 2

ans =97

The correct clustering rate is 97



Due to some uncertainties existing in the K-Means
clustering algorithm, the detected or evaluated correct
clustering rate varies within a range, from 77% to 97%.

A\ CONCLUSION

A simplified evaluation algorithm used to effectively evaluate
and validate unsupervised learning models is proposed in this
study. Compared with some traditional validation metrics,
such as Silhouette score and Calinski-Harabasz Index
method, our method is better in the correct clustering rate,
which is up to 97%, than the traditional validation metric’s
rate, which is 77% in the Silhouette score method.
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  a ( i ) =  1  n − 1   ∑  j ∈   C  i , i ≠ j  d ( i , j )


  b  ( i ) =    1  m   k ≠ i  m i n   ∑  j ∈   C  k  d ( i , j )


  s  ( i ) =   b  ( i ) − a ( i )  max ⁡ ( a  ( i ) , b  ( i ) )


  m _ X C 1 =  1  m   ∑  i = 1  m  X ( i d x = = 1 , : )


  m _ X C 2 =  1  m   ∑  i = 1  m  X ( i d x = = 2 , : )


  m _ X C =  1  n   ∑  j = 1  n  [ X X  ( j , 1 ) + X X  ( j , 2 ) ]

