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Abstract 
Clustering is the task of grouping in the same group objects which are more similar to each other than those 

in other groups (clusters). There are quite many clustering algorithms due to the notion of a "cluster" isn't precisely 

define. A problem of solving clustering task on data with outliers is well studied and approaches are guided in 

form of recommendations to remove “noisy” data or to replace it by mean [1,2]. For the dataset considered in 

current work the replacement of outliers by mean resulted the improved clustering’s results, however the better 

score is achieved by keeping outlier values unchanged. 
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To evaluate the feasibility to keep outliers’ values 

unchanged in dataset while solving clustering task are 

considered the steps: 1) standardize input data (col-

umns: x ; y  from Table1) by RobustScaler formula 

[3] and solve clustering task by clustering algorithm 

based on centroid model - k-means and density model 

– DBSCAN; 2) assess clustering results based on Sil-

houette Coefficient (further SC) (1): 
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where i  - data point in the cluster iC , and )(ia  

- presents the internal similarities by calculating euclid-

ean distance between points inside the cluster; )(ib  - 

the smallest mean distance of i  to all points in any 

other cluster, of which i  is not a member. The received 

negative value of SC indicates that data point is as-

signed to the wrong cluster; SC equal to 0 means over-

lapping clusters are created; SC equal to 1 - the best 

clustering results; 3) replace values of outliers identi-

fied based on measuring the local deviation of density 

of each outlier with respect to its neighbors [4] and cal-

culate new SC score; 4) draw box-plot diagram to ver-

ify that outliers detected in step 3 are not outliers ac-

cording to Tukey notation [5]; 6) keep outliers’ values 

unchanged but add to data set 1 outlier according to 

Tukey’s notation and solve clustering task 7) calculate 

new SC score and compare it with received in steps 2 

and 3. 

The execution of steps 1 and 2 on scaled dataset 

(columns: 
'x , 

'y  from Table1) gave SC score of the 

k-means clustering (left drawing on Pic. 1) equal to 

0.55 and DBSCAN clustering (middle drawing on Pic. 

1) is 0.48. 

Table 1 

Assessment of clustering results on scaled dataset 

x  y  '
x  

'
y  

k-means DBSCAN 

cluster )(iSC  cluster )(iSC  

3 4 0.25 0 0 0.452 1 0.682 

2.5 4 0 0 0 0.335 1 0.669 

3 5 0.25 0.5 0 0.551 1 0.61 

2.8 4.5 0.15 0.25 0 0.54 1 0.772 

2.5 4.5 0 0.25 0 0.481 1 0.749 

1 5 -0.75 0.5 0 0.021 0 -0.51 

5 6 1.25 1 0 0.421 0 -0.24 

4 3 0.75 -0.5 0 0.204 0 -0.44 

1 2 -0.75 -1 1 0.795 2 0.77 

1.5 2.5 -0.5 -0.75 1 0.794 2 0.759 

1.2 2.5 -0.65 -0.75 1 0.862 2 0.84 

1 3 -0.75 -0.5 1 0.743 2 0.697 

1 2.5 -0.75 -0.75 1 0.858 2 0.837 

    SC  0.543 SC  0.477 

 

The received scores are witness that internal simi-

larity of the points in the cluster not high; furthermore, 

SC score for clustering by DBSCAN is less compare to 

the score of k-means clustering because dbscan algo-

rithm detects outliers as “noise” (black points on mid-

dle drawing on Pic. 1) and joins it in a separate cluster 

(cluster 0) which internal similarity is negative, i.e. 

points are not supposed to be joined in a single cluster. 

Therefore, the assessed SC score does show good clus-

tering’s results and further data processing is required. 
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On middle drawing from Pic.1 can be seen that 

DBSCAN detected 3 “noise” points; and LocalOutli-

erFactor algorithm [4] ran on scaled dataset detected 

the same points O1 [-0.75;0.5] and O2 [1.25;1] as outli-

ers. To follow the existing data preprocessing proce-

dure of replacement the outliers by mean – we are 

changing values of O1 and O2 to be [-0.11; -0.13] and 

running clustering algorithms again. From Pic. 2 can be 

seen that SC score is improved for both algorithms be-

cause internal similarities of points in a single cluster 

had increased. 

 
Pic 1. k-means; DBSCAN clustering and box-plot diagram for dataset from Table1 

 

 
Pic 2. k-means; DBSCAN clustering for dataset with outliers’ values are replace by mean 

 

At the same time, box-plot diagram (right drawing 

on Pic.1) shows that input dataset doesn’t include out-

liers according to Tukey’s notation, i.e. all points be-

long to internal [ IQR1.5-Q1  ; IQR1.5Q3  ]. In that 

case, we keep outliers’ values unchanged but add 1 out-

lier according to Tukey’s notation to dataset. 

 
Pic 3. k-means; DBSCAN clustering and box-plot diagram for dataset from Table2 

 

The new clustering results are illustrated in Pic. 3 

– SC score for both algorithms are identical and greater 

than SC score received after values’ replacement by 

mean. From Table2 can be understood that the score 

had improved because added outlier always forms a 

new cluster with a single point where as other points 

are put in a separate cluster(s) so the internal similarity 

is always higher than similarity to points in the external 

cluster. 

  



54 German International Journal of Modern Science №8, 2021 

Table 2 

Assessment of clustering results on scaled dataset with added outlier 

x  y  '
x  

'
y  Cluster )(iSC  

1 2 -0.76923 -0.75 1 0.827544 

3 4 0.25641 0.25 1 0.858144 

2.5 4 0 0.25 1 0.873569 

1.5 2.5 -0.51282 -0.5 1 0.856494 

3 5 0.25641 0.75 1 0.834267 

2.8 4.5 0.153846 0.5 1 0.860585 

2.5 4.5 0 0.5 1 0.86684 

1.2 2.5 -0.66667 -0.5 1 0.855152 

1 3 -0.76923 -0.25 1 0.859601 

1 5 -0.76923 0.75 1 0.831432 

1 2.5 -0.76923 -0.5 1 0.85052 

5 6 1.282051 1.25 1 0.649957 

4 3 0.769231 -0.25 1 0.77162 

15 1 6.410256 -1.25 0 0 
    SC  0.771123 

 

The results from conducted analysis allow to pro-

pose when dataset has outliers detected by measuring 

the local deviation of density algorithms by not de-

tected by Tukey’s notation then to achieve the better SC 

score do not replace outliers’ values by mean by add 1 

outlier according to Tukey’s notation. 
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