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One of the most important tasks of cluster analysis is determining the number of
clusters. In this article we suggest a method for it, using entropy of categorical data.
Examples, illustrating the method, are given.

1. Introduction. Algorithms for clustering have been studied for a long time and
there are many different algorithms [3]. Most of them are using only numerical data. If
there is a categorical data, the well-known approach is to transfer it to numerical: if the
values are in the same category then the distance is 0, otherwise it is 1. After that, the
distance is multiplied by a weight, corresponding to the importance of the categorical
data. There are several ways to do clustering only on categorical data. Some of them
use entropy (e.g. [1]). Here we suggest another way to use categorical data — calculating
the entropy of a category (or categories) in cluster sets with different number of clusters
and selecting the set with minimal entropy. There are other algorithms for clustering of
numerical data using entropy (e.g. [2]), but not for determining the number of clusters.

2. Algorithm. By using hierarchical clustering algorithm, we can change the thresh-
old of the distance, in order to receive different sets of clusters. Another way is to have
limit on the number of clusters or use elbow method [4] to determine the number of
clusters. Similar considerations can be done if we use other algorithms, which produce
different sets of clusters (e.g. DBSCAN) in which the number of clusters to be picked
can be determined. Here we use the entropy of one or more categorical features:

— For every cluster we calculate the entropy as:

N; N
E = zz: N log <Ni>,

where N is the total number of points in the cluster and Ny, Na, ...are numbers in each
category.

— We take the sum of the entropy of the clusters, after weighting it by the number of
points.

The problem of this simple approach is that when the threshold is 0 (every point is
a separate cluster) then the entropy is also 0. We would like to select a set of minimal

number of clusters while also keeping the entropy low. The number of clusters as a
function of the threshold decreases; the entropy as a function of threshold increases.
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Both functions have different unit measures. To combine them we need to normalize
them. We put a weight (W) for the number of clusters and calculate the score by adding
the entropy. Here we suggest one possible way to select the weight of the number of
clusters: the weight is calculated by assuming equal scores when clusters are N and 1:
— N clusters (when the threshold is equal to 0) the entropy is 0 and the score is N xW.
— One cluster with entropy E (when the threshold is the maximal one): the score is
W+ E.
— From NW =W + E we receive:

E
V=5
and therefore when the clusters are N and 1 the scores S are equal:
NE
N -1 +

— We calculate the score S(n) for every cluster set S, with n clusters:
S(n) =nW + E(S,)
and select the number of clusters n with the minimal score.
3. Examples. Let us have 12 points with coordinates on two numerical features (see

Fig. 1):
Pl : (0a2)7 P2 : (ng)a P3 : (1a2)7 P4 : (173)a P5 : (LO)a PG : (270)a
P (3,0), B (471)a Py : (4a2)7 Py : (5a2)7 Py (5a3)7 Py :( a3)
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Fig. 1. Clusters count is 3

There are 4 different possible thresholds with Euclidean distance, respectively: 0, 1,
1.5 (> v2) and 2.

There are 12 clusters — every point is a cluster with threshold 0.

There are 3 clusters with threshold 1 (shown on Fig. 1):
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Fig. 2. Clusters count is 2
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Cy ={P1, P, P3, P}; Cy = {Ps, Ps, Pr}; C3 = { Py, Py, Pro, P11, Pi2}.

There are two clusters: cluster 2 and cluster 3 from Fig. 1 merge into one cluster with
threshold 1.5.

There is only one cluster with threshold 2. These are all possible cluster sets.

Now let us use the entropy. Let there be a category “Size”: Cluster 1 (from Fig. 1)
has Size = “Small”, Cluster 2 has Size = “Medium”, Cluster 3 has Size = “Big”.

Using logarithms with base 2, the entropy with threshold 2 (only 1 cluster) is:

4 12 3 12 5 12
E= 3 log <Z) + Elog (?) + 3 log <€> = 1.554585.

The weight for the number of clusters is:

= 0.141326

T 121
The scores with thresholds 0 and 2 are:

S(12) = 12%0.141326 = 1.696; S(1) = E + 0.141326 = 1.696.
Calculating the other two scores (thresholds 1 and 1.5), we receive:
S(3) =3%0.141326 = 0.424 (the entropy in every cluster is 0).

3 8 ) 8
2) =2x%0.14132 =1 - =1 — | = 1.237.
S(2) *x0 36+80g(3)+80g(5) 37

By selecting the minimal score, we select the threshold 1 with 3 clusters.

We will receive the same result (3 clusters) even when the category “Size” does not
strictly follow the 3 clusters distribution: e.g. Ps is of size “Medium” and P; is of size
“Big”.

Let us create a new category “Age” from the old category “Size”. Category “Age” has
two values: “Kids” and “Adults”. The “Kids” corresponds to size “Small”. The value
“Adults” combines sizes “Medium” and “Big”. The calculations for clusters’ scores are

changing:
4 12 8 12
E=—1 — —1 — | =0.918.
12 Og(4)+12 Og(s)

= —— = 0.08348.
12 -1

5(12) = 0.08348 % 12 = 1.002; S(1) = 0.918 + 0.08348 = 1.002.
5(3) = 3% 0.08348 = 0.250; S(2) = 2 * 0.08348 = 0.167.

The minimal score is when the threshold is 1.5 and has 2 clusters. Again, the same result
is true if there are small changes of the categorical values.

4. Conclusion. Entropy of categorical data can be very useful in automation: for
every data set we could have output cluster set, which follows the topology of the data
and the category distribution. The number of clusters should not be given in advance.
Yes, we can use different techniques to determine the cluster set (e.g. the elbow method),
but this one is the method which can ensure synchronization with categorical data.
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W3IIOJI3BAHE HA EHTPOIINSI HA KATETOPUNHU JAHHU
3A KII'bCT'bPU3AIINA

Yasmap anramies

Enna or maii-BarkHWTE 33/1auM IPU KJI'bCTHLPHUS AHAJINA3 € OIpeJesisHe Ha Gpost
Ha KJIbCTbpHUTE. B Taswm crarusi mpejjiaraMe MeTOJ, KOWTO M3I03BA €HTPOIHUs Ha
KareropuitHu Januu. [Ipunarar ce npuMepH, WIKOCTPUPAIIU TO3U METOI,.
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