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Abstract— In our modern life, thousands of terabytes of data 

is created. Each tuple of the data has certain features which 

differentiate them from other tuples. In order to have efficient 

access and have a proper understanding of the data, we need 

to group them based on certain features. Clustering is a 

machine learning procedure which provides efficient 

algorithms for this purpose. In our paper, we have taken a 

real-world dataset named Absenteeism at work dataset. Our 

objective is to apply certain clustering algorithms on the real 

world dataset to understand the mechanism of the algorithms. 

This would help us group the real world modern data into 

certain clusters which would help us identify them effectively 

based on their features. We have used four clustering 

algorithms namely K- Means, Affinity Propagation, 

Hierarchical Clustering (Agglomerative), and DBSCAN. 
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I. INTRODUCTION 

Clustering is a division of data into groups of similar objects. 

Representing the data in the form of clusters leads to a loss in 

certain aspects, but achieves simplification. Data modeling 

puts clustering in a historical perspective rooted in 

mathematics, statistics, and numerical analysis. From a 

machine learning perspective, clustering is unsupervised 

learning which helps in finding hidden patterns. Clustering 

plays an outstanding role in data mining applications such as 

scientific data exploration, information retrieval and text 

mining, spatial database applications, Web analysis, CRM, 

marketing, medical diagnostics, computational biology, and 

many others. Active research using clustering techniques is 

being conducted in several fields such as statistics, pattern 

recognition, and machine learning. [11] 

The well-established steps in the process of clustering are 

mentioned below: 

1) Feature extraction and selection: The most important 

features required for clustering are extracted from the 

original data set 

2) Clustering algorithm design: the clustering algorithm is 

designed with respect to the problem statement. 

3) Result evaluation: Clustering results are decoded and 

evaluated, and the validity of the algorithm is to be 

verified. 

4) Result Explanation: The results formed due to clustering 

analysis are to be explained.[4][5] 

 Distance and similarity are the basis for constructing 

clustering algorithms. As for quantitative data features, 

distance is preferred and the similarity is preferred when 

dealing with qualitative data features.[4][5] Some of the most 

common distance functions applied for clustering are 

Minkowski distance function, Standardized Euclidean 

distance, Cosine distance, Pearson correlation distance, and 

Mahalanob is distance. Some of the most common similarity 

functions applied for clustering are Jaccard similarity, 

Hamming similarity, and For data of mixed type. 

 The traditional clustering algorithms can be divided 

into 9 categories which mainly contain 26 commonly used 

ones, summarized below.[5] 

 
Fig. 1: Types of Traditional Clustering Algorithms 

The modern clustering algorithms can be divided into 10 

categories which mainly contain 45 commonly used ones, 

summarized below.[5] 

 
Fig. 2: Types of Modern Clustering Algorithms 

II. METHODOLOGY 

A. Dataset 

Absenteeism dataset has been downloaded from the UCI data 

repository. 

1) Attribute Information: 

1) Individual identification (ID) 

2) Reason for absence (ICD). 

Absences attested by the International Code of Diseases 

(ICD) stratified into 21 categories (I to XXI) as follows: 

 I Certain infectious and parasitic diseases; II 

Neoplasms; III Diseases of the blood and blood-forming 

organs and certain disorders involving the immune 

mechanism; IV Endocrine, nutritional and metabolic 

diseases; V Mental and behavioural disorders; VI Diseases of 

the nervous system; VII Diseases of the eye and adnexa; VIII 

Diseases of the ear and mastoid process; IX Diseases of the 
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circulatory system; X Diseases of the respiratory system; XI 

Diseases of the digestive system; XII Diseases of the skin and 

subcutaneous tissue; XIII Diseases of the musculoskeletal 

system and connective tissue; XIV Diseases of the 

genitourinary system; XV Pregnancy, childbirth and the 

puerperium; XVI Certain conditions originating in the 

perinatal period; XVII Congenital malformations, 

deformations and chromosomal abnormalities; XVIII 

Symptoms, signs and abnormal clinical and laboratory 

findings, not elsewhere classified; XIX Injury, poisoning and 

certain other consequences of external causes; XX External 

causes of morbidity and mortality; XXI Factors influencing 

health status and contact with health services. Also, 7 

categories without (CID) patient follow-up (22), medical 

consultation (23), blood donation (24), laboratory 

examination (25), unjustified absence (26), physiotherapy 

(27), dental consultation (28). 

3) Month of absence 

4) Day of the week (Monday (2), Tuesday (3), Wednesday 

(4), Thursday (5), Friday (6)) 

5) Seasons (summer (1), autumn (2), winter (3), spring (4)) 

6) Transportation expense 

7) Distance from Residence to Work (kilometers) 

8) Service time 

9) Age 

10) Workload Average/day 

11) Hit target 

12) Disciplinary failure (yes=1; no=0) 

13) Education (high school (1), graduate (2), postgraduate 

(3), master and doctor (4)) 

14) Son (number of children) 

15) Social drinker (yes=1; no=0) 

16) Social smoker (yes=1; no=0) 

17) Pet (number of pet) 

18) Weight 

19) Height 

20) Body mass index 

21) Absenteeism time in hours (target) [20] 

 
Fig. 3: Absenteeism at Work Dataset 

B. Data Preprocessing 

Data normalization, also called as feature scaling is a step 

generally performed during data preprocessing stage. In the 

presence of complex real-time dataset, which has an 

enormous number of features and extended dynamic range, 

normalization plays a huge role. One thing that needs to be 

mentioned is that, by applying normalization, the whole 

structure of the dataset changes. Hence, care should be taken 

and proper normalization technique must be applied to the 

dataset to make sure that the outcome of the analysis would 

not be affected and the results would be accurate.. [6] 

 Since there is no predefined compulsion for 

normalizing the dataset, it is the choice of the user to decide 

whether to perform normalization or not.[6][7] In our paper, 

we have normalized the data to have a proper relationship 

between the input parameters. 

C. Clustering 

Cluster analysis is the formation of clusters by an assemblage 

of data points in multidimensional space using predefined 

patterns. Data points in a cluster have similar features 

compared to the data points in two different clusters. In 

clustering, there is no universally defined technique for 

representing data, measuring the similarity between data 

elements, grouping data elements and deciding the clustering 

method. The ultimate goal is to group a given collection of 

data points into meaningful clusters irrespective of the variety 

of techniques used. [3] 

 Clustering is useful in several exploratory pattern 

analysis, grouping, decision making and machine learning 

situations including data mining, document retrieval, image 

segmentation, and pattern classification. However, in many 

such problems, there is little prior information available about 

the data and the decision maker must make as few 

assumptions about the data as possible. Only under these 

explicit conditions, Clustering analysis is pertinent for 

finding relationships among the data points to make a 

judgment about the end result. [3] 

 In our paper, we have used four clustering 

algorithms. They are K-Means Algorithm, Affinity 

Propagation, Hierarchical Clustering, and DB Scan 

Algorithm. We shall be performing clustering based on 2 

rows of the dataset i.e absenteeism in hours and age of the 

employer. 

D. K-Means Algorithm 

K-means clustering is a type of unsupervised learning, which 

is used when you have unlabelled data. The output of this 

algorithm is to group the data in clusters, with the number of 

groups represented by the variable K. The algorithm assigns 

each data point to one of the K groups iteratively, based on 

the features of the data points and the clusters. The results of 

the K-means clustering algorithm are the centroids of the K 

clusters which could be used to distinguish new data points 

based on their features. Rather than defining the number of 

groups before looking at the data, clustering allows you to 

find and analyze the groups that have formed organically. 

[21]The K-means algorithm is the best-known squared error-

based clustering algorithm [4][8][9]. K means clustering 

algorithm generally contains the following procedure: 

1) Initialize a K-partition randomly or based on some prior 

knowledge. Calculate the cluster prototype matrix M = 

{m1,......,mk}. 
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Fig. 4: 

2) Assign each object in the data set to the nearest cluster, 

 
3) Recalculate the cluster prototype matrix based on the 

current partition. 

4) Repeat steps 2) –3) until there is no change for each 

cluster. 

The K-means algorithm is very simple and can be easily 

implemented in solving many practical problems. It can work 

very well for compact and hyper spherical clusters and the 

parallel techniques developed accelerate the computational 

time of the algorithm. The time complexity of K-means is O 

(NKd). Since d and K are negligible compared to N, K-means 

can be used to cluster huge and complex data sets.[4][10] 

Some of the major disadvantages of the K-Means algorithm 

are: 

1) There is no efficient and universal method for identifying 

the initial partitions and the number of clusters. The 

convergence centroids vary with different initial points 

and hence different results might be possible based on 

the values of the input parameters taken. 

2) The iteratively optimal procedure of K-means cannot 

guarantee convergence to a global optimum. 

3) K-means' sensitivity to outliers and noise forces an 

outlier object into a cluster and hence distorts the cluster 

shapes. 

4) The definition of "means" limits the application only to 

numerical variables and hence the clustering of 

qualitative values are not possible. [4] 

In our paper, initially, we have used the elbow method to 

generate a graph which helps us to decide on the number of 

clusters we would be using in the K-means algorithm. 

Initially, the curve falls steeply from 1 to 5 before it begins to 

become a horizontal line. Hence we have taken the number of 

neighbors as 5. 

Fig. 4: Elbow method to determine the number of clusters 

  Next, we have applied the K-means algorithm on 

the preprocessed Absenteeism at work dataset to group the 

data points into clusters. The grouped clusters are shown in 

the figure below. 

 
Fig. 5: Graph Depicting the Formation of Clusters using the 

K-Means Algorithm. Absenteeism Hours vs Age Attributes 

are Taken as Input 

E. Affinity Propagation 

The nucleus behind Affinity Propagation is to regard all the 

data points as the potential center of the clusters and the 

negative value of the Euclidean distance between two data 

points as the affinity. Thus, the sum of the affinity of one data 

point for other data points is bigger, the probability of this 

data point to be the cluster center is higher. AP algorithm 

takes the greedy strategy which maximizes the value of the 

global function of the clustering network during every 

iteration.[2][5] 

 Affinity propagation takes a collection of real-

valued similarities between data points, {s(i, k)}, where each 

similarity s(i, k) indicates how well the data point with index 

k is suited to be the exemplar for data point i. Each data point 

is paired with a variable node, ci in a factor graph. A value of 

Ci = k for I not equal to k indicates that data point i is assigned 

to a cluster with point k as its exemplary; Ck = k indicates 

that data point k serves as a cluster exemplary. [12] 

 
Fig. 6: Affinity Propagation Performing Belief Propagation 

on the Factor Graph (A). Responsibilities (B) are passed 

from variable nodes to function nodes. Availabilities are 

passed from function nodes to variable nodes (C) 

 In our paper, we have given the number of iterations 

as 15 as a parameter to the affinity propagation algorithm to 

plot the data points into clusters which have resulted in 3 

clusters. We have plotted the results on a graph. 
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Fig. 7: Graph Depicting the Formation of Clusters using 

Affinity Propagation. Absenteeism hour’s vs Age Attributes 

are Taken as Input 

F. Hierarchical Clustering 

Hierarchical clustering is a popular clustering method which 

categorizes the data points in a tree structure. Hierarchical 

methods recursively cluster the data in either top-down or 

bottom-up fashion. Bottom-up approaches are more popular 

and widely used than top-down approaches. Bottom-up 

approaches tend to be more accurate, but it has a high 

computational cost compared to top-down approaches.  

Nevertheless, this additional computational cost does not 

interfere with increased algorithmic complexity, since the 

process of cluster formation can be interpreted as the merging 

or partitioning of basic clusters. [13][14][15][16] 

Hierarchical method can be subdivided as follows: 

1) Agglomerative hierarchical clustering: Agglomerative 

hierarchical clustering is a bottom-up approach where 

initially, each data point constitutes its own cluster, then 

clusters with similar features are iteratively merged until 

the desired and necessary cluster structure is obtained. 

This algorithm for N samples begins with N clusters and 

each cluster contains a single data sample. Subsequently, 

two clusters with the closest feature similarity will merge 

until the number of clusters becomes one or as specified 

by the user. The criteria used in this algorithm are min 

distance, max distance, average distance, and center 

distance. [13][17][18] 

2) Divisive hierarchical clustering: Divisive hierarchical 

clustering is a  top-down approach where all objects 

initially belong to a single root cluster and iteratively 

partitions take place on the existing clusters to sub-divide 

the clusters into smaller clusters until the desired or 

specified cluster features are obtained. This method is 

introduced in Kaufmann and Rousseeuw (1990) and is 

the inverse of the agglomerative method. [13][17] 

 In our paper, we have used Agglomerative 

hierarchical clustering. Initially, we have used the 

dendrogram method to find the number of clusters to be 

taken. From the dendrogram, we have concluded that three 

clusters would be ideal. 

 
Fig. 8: Dendrogram Method used to find the Number of 

Clusters Required for Agglomerative Clustering 

 Once the number of clusters is found using the 

dendrogram method, we apply the agglomerative clustering 

algorithm to form the clusters and we visualize it on the 

graph. 

 
Fig. 9: Graph Depicting the Formation of Clusters using the 

Agglomerative Clustering Algorithm. Absenteeism hour’s 

vs Age Attributes are Taken as Input 

G. DBSCAN Algorithm 

Density-based spatial clustering of applications with noise 

(DBSCAN) groups together points that are close to each 

other. It considers the distance measurement and a minimum 

number of points while grouping the clusters. All the points 

that are in low-density regions are considered as outliers. 

There are two parameters that are considered before making 

a cluster. They are Eps and Min Points. Eps is defined as the 

minimum distance between two points. If the distance 

between two points is lower or equal than this value (eps), 

then these points are considered as neighbors. If the eps value 

chosen is too small, a large part of the data will not be 

clustered. They will be considered as outliers since they don’t 

satisfy the number of points to create a dense region. On the 

other hand, if the value that was chosen is too high, clusters 

will merge and the majority of objects will be in the same 

cluster. K-distance graph could be used to find the eps value, 

but in general small eps, values are preferable. MinPoints is 

the minimum number of points required to form a dense 

region. The number of dimensions (D) in the data set could 

be used to derive the minimum MinPoints, as MinPoints ≥ D 

+ 1. Larger values are usually better for data sets with noise 
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as they will form more significant clusters. Larger the data 

set, the larger the MinPoints value that should be chosen. [19] 

 To find a cluster, DBSCAN starts with an arbitrary 

data point p and retrieves all points density-reachable from p 

wrt. Eps and MinPts. If p is a core point, this procedure yields 

a cluster wrt. Eps and MinPts. If no points are density-

reachable from p, then p is a border point and DBSCAN visits 

the next data point of the database.[19] 

 If two clusters of different density are too close to 

each other, then DBSCAN may merge two clusters into one 

cluster. Let the distance between two sets of points Sl and S2 

be defined as dist (S1, S2) = min {dist(p,q) | p belongs to S1, 

q belongs to S2}. Then, two sets of points having at least the 

density of the thinnest cluster will be separated from each 

other only if the distance between the two sets is larger than 

Eps. Consequently, a recursive call of DBSCAN may be 

necessary for the detected clusters with a higher value for 

MinPts. There is no disadvantage in the recursive application 

of DBSCAN as it yields an elegant and very efficient basic 

algorithm. Furthermore, only under easily detectable 

conditions, the recursive clustering is necessary. [19] 

 In our paper, we have used the DBSCAN algorithm 

on the absenteeism at work dataset. It generates 5 clusters 

based on dense regions. All the black points in the figure are 

considered as outliers and are dense-less regions. 

 
Fig. 10: Graph Depicting the Formation of Clusters using 

the DBSCAN Algorithm. Absenteeism hour’s vs Age 

Attributes are Taken as Input 

H. Requirements 

 Anaconda Spyder IDE 

 Absenteeism at work dataset 

III. PROPOSED SYSTEM 

The designed system allows the user to perform clustering on 

the provided dataset. The system would help the user 

understand the dynamics of the clustering algorithms. 

More functionalities could be performed on the data. Such as: 

 Complex and Modern clustering algorithms could 

be implemented. 

 Different parameters could be used as input to form 

distinct results. 

IV. CONCLUSION 

In our research paper, we have successfully applied the 

clustering algorithms on the absenteeism at work dataset 

which has assisted in understanding the algorithm and 

working of the four clustering algorithms i.e K- Means, 

Affinity propagation, Hierarchical Clustering 

(Agglomerative), and DBSCAN. All the results have been 

visualized on graphs for understanding them effortlessly. 
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