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Abstract
Many algorithms for clustering focus on numerical data whose 
inherent geometric properties can be exploited naturally to define 
distance functions or dissimilarities between data points. However, 
in most of the cases data in the real life application is categorical, 
where attribute values cannot be naturally ordered as numerical 
values. Due to the different characteristics of two or more kinds 
of data, attempts to develop criteria functions for mixed data have 
been not very successful. 
In this research, we propose a novel Divide-Conquer and combine 
technique with greedy characteristics for optimal solutions to solve 
the above said problem. Algorithm can be defined recursive in 
nature. First, the original mixed dataset is divided into several sub-
problems as n sub-datasets, which are similar to the original sub 
problems but smaller in size. Solve these sub problems for (n=2,3  
or 4 depending on number of available data sets in our data tuples) 
recursively and then combine these solutions to create a solution to 
the original problem. It may be the true and  real categorical dataset 
and-or the pure numeric dataset or exponentially distributed ratio 
scaled dataset or binary data set on any real life application with 
yes or no form. Next, available clustering algorithms designed for 
different types of datasets are employed to produce corresponding 
clusters. Finally, the clustering results on the categorical and 
other available datasets are combined as a categorical dataset, 
on which the unsupervised learning algorithm for categorical 
dataset is employed to get the final output. Main contribution in 
this research is to provide an algorithm framework for the mixed 
attributes clustering problem, in which already available clustering 
algorithms can be easily amalgamated.
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I. Introduction

A. Betterment of Divide and Conquer Approach in 
Clustering Mixed Data
Clustering is the process of grouping a set of physical or abstract 
objects into classes of similar objects. Thus a cluster is a collection 
of data objects which are similar to others within the same 
cluster but are dissimilar to the objects in other clusters. The 
clustering technique has been extensively studied in many fields 
such as city-planning, earth-quake, climate, World Wide Web, 
pattern recognition, similarity search and trend analysis, market, 
biology, insurance. In some application clustering is also called 
segmentation of data because according to their similarity clustering 
partitions large data sets into groups. Outliers (the values that are 
“far away” and isolated from any cluster) may be more interesting 

than common cases so clustering can also be used for outlier 
detection. Applications of outlier detection include the detection 
of credit card fraud, clinical trials, voting irregularity analysis, the 
monitoring of criminal activities in electronic commerce, severe 
weather prediction, athlete performance analysis, geographic 
information system and other data mining tasks.

II. Variety of Data in Real Life Applications
Although many clustering algorithms have been proposed so far, 
most of those algorithms are designed to find group of clusters as 
an assumption that all the attributes in real life applications are 
numeric, categorical, binary, nominal or ordinal. Many already 
available clustering algorithms focus on numerical data whose 
inherent geometric properties can be defined naturally to define 
distance functions( proximity or dissimilarity) between data points 
of given real time applications (it can be multimedia data like text, 
audio, video, image and graphics data). 
However, in most of the cases, the data existed in the databases 
is categorical, where attribute values cannot be naturally ordered 
as numerical values. For an example, shape can be considered 
as a categorical attribute whose values include circle, rectangle, 
ellipse, etc. Due to the differences in their characteristics of these 
two kinds of data attempts, till now we have not succeeded to 
develop criteria functions for mixed data. From the viewpoint of 
target dataset for analysis, existing clustering algorithms can be 
classified into three categories: numeric, categorical and mixed 
(combination of categorical, numerical, binary, ordinal, nominal 
with Ratio-scaled datasets).
Numeric, binary and ratio-scaled data clustering algorithms are 
not technically suitable for categorical attributes; therefore, it 
is easy to conclude that they are also not suitable for the task 
of clustering mixed type attributes. A few algorithms have been 
proposed in recent years for clustering categorical data. However, 
all of these algorithms are designed for categorical attributes and 
their extending capability to mixed type attributes is unknown. 
The two algorithms, K-modes and K-prototypes, which extend 
the k-means paradigm to categorical domains and domains with 
mixed attributes.

III. Cluster Amalgamation By D & C Approach
Cluster amalgamation is the method to merge several runs of 
different unsupervised algorithms to get a common division 
of the original dataset; its purpose is to consolidate the results 
from a portfolio of individual unsupervised learning results. In 
general, the output produced by a special clustering algorithm 
will be sufficient to identify each data object with a unique cluster 
label. Data objects with different cluster labels are considered 
to be in different clusters, if two objects are in the same cluster 
then they are considered to be fully similar, if not then they 
are fully dissimilar. Thus, it is obvious that cluster labels are 
impossible to be given a natural ordering in a way similar to real 
numbers, that is to say, the output of clustering algorithm can be 
viewed as categorical (or nominal or any mixed type). Cluster 
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amalgamation is the method to combine several runs of different 
clustering algorithms to get a common partition of the original 
dataset. So the cluster synthesizing problem can be viewed as the 
categorical data clustering problem, in which runs of different 
clustering algorithms are combined into a new categorical dataset. 
Transforming the cluster collection problem into the categorical 
data clustering problem has the following advantages. 
First, some efficient algorithms for clustering categorical data have 
been proposed recently. These algorithms can be fully exploited 
and also cluster collection problem could benefit from the advances 
in the research of categorical data clustering. 
Further, the problem of categorical data clustering is relatively 
simple and provides a unified framework for problem formalization. 
For clustering datasets with mixed types of attributes, we propose 
a novel divide-and-conquer technique. 
Steps- First, the original mixed dataset is divided into n sub-
datasets: the real and pure categorical dataset and the real and 
pure numeric dataset with other dataset. 
Next, existing well established clustering algorithms designed for 
different types of datasets are employed to produce corresponding 
clusters. 
Last, the clustering results on the categorical and numeric, binary, 
ordinal and others dataset are combined as a categorical dataset, 
on which the categorical data clustering algorithm is exploited 
to get the final clusters. Now we focus on the last step of our 
technique. 
In fact, with the clustering results on the categorical, numeric and 
binary and ratio scaled datasets, we can get the final clustering 
results by exploiting existing cluster amalgamation methods. 
Assuming that the dataset with mixed attributes has total t 
attributes, with m categorical attributes, n numeric attributes, 
p binary attribute, h ratio-scaled attributes, then sum of all 
the attributes like m+n+h+p…..and each attribute has equal 
importance, that is, all the attributes have the same weights and 
no partial or inclined treatment to any attributes. We must assign 
weights for the clustering output on categorical and other variety 
of dataset by converting their dissimilarity in matrix in interval 
scaled values. When performing combination or categorical data 
clustering in this research, we use the categorical data clustering 
approach to handle the cluster assembling problem.

IV. Cluster Amalgamation Based Algorithm
We describe the cluster synthesis based algorithm framework for 
clustering mixed categorical, numeric and other variety of data. 
We begin by presenting overview of the algorithm framework.

Fig. 1: Overview of CMVD Algorithm Framework

The steps involved in the cluster synthesizing based algorithm 
framework are described in above Figure. First, the original mixed 
dataset is divided into n sub-datasets: the pure categorical dataset, 
the pure numeric dataset and for other individual various type of 
datasets which are available in our real life application.
Next, existing well established clustering algorithms designed for 
different types of datasets are employed to produce corresponding 

clusters. Finally, the clustering results on the categorical and 
numeric and other possible dataset are combined as a categorical 
dataset, on which the categorical data clustering algorithm is 
exploited to get the final clusters.
For this algorithm framework gets clustering output from both 
splitting categorical, ordinal, nominal, binary, ratio-scaled and 
numeric dataset, therefore, it is named as CMVD i.e. clustering 
mixed variety of data algorithm.

A. The weighted COMP_SIM_ALGORITHM 
We need an algorithm to handle the categorical and other types 
of data. Here, the clustering algorithm used for categorical data 
clustering and cluster joining is the Comp_Sim algorithm, which 
can produce good clustering results and at the same time produces 
good scalability.
In the Comp_Sim algorithm, we determine whether the tuple 
should be put into the cluster or not.

The Comp_Sim Algorithm
Algorithm Comp_Sim (T, m)
Begin
1. while (T has unread tuple)
{
2.      tuple = getCurrentTuple (T)
3.      if (tuple.tid = = 1)
                  {
4.          add New Cluster Structure (tuple.tid) 
// (step 3-4) The algorithm fetches tuples from D iteratively.  
Initially, the first tuple is read in, and the sub-function add New 
Cluster Structure () is used to establish a new Clustering Structure, 
which includes Summary and Cluster
                   }
5.    else
                 {
6.        for each existed cluster C
7.     ComputationSimilarity(C, tuple)
// For the consequent tuples, the similarity between an existed 
Cluster C and each tuple is computed using sub-function 
ComputationSimilarity ( ) in (Step 6-7).
8.     get the max value of similarity: sim_max
9.     get the corresponding Cluster Index: index
// We get the maximal value of similarity (denoted by sim_max) 
and the corresponding index of Cluster (denoted by index) from 
the above computing results (Step 8-9).
10.     if sim_max >= m
11.        addTupleToCluster(tuple index)
12.     else
// Then, if the sim_max is larger than the input threshold s, sub-
function addTupleToCluster () will be called to assign the tuple 
to selected Cluster (Step If it is not the case, the sub-function 
addNewClusterStructure () will be called to construct a new CS 
(Step 12-13). 
13    addNewClusterStructure (tuple.tid) }
14     }
15    outputClusteringResult ()
// Finally, the clustering results will be labeled on the disk (Step 
15).
End

V. Explanation of Algorithm Comp_Sim
The Comp_Sim algorithm uses n tuples as input and produce 
clusters as final results. Initially, the first tuple in the database is 
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read in and a Cluster Structure (CS) is constructed with C = {1}. 
Then, the consequent tuples are read iteratively.
For every tuple, by the similarity function, we compute its 
similarities with all existing clusters, which are represented and 
embodied in the corresponding CSs. Select out the largest value 
of similarity. If it is larger than the given threshold (denoted as 
s), the tuple will be put into the cluster that has the largest value 
of similarity. The CS is also updated with the new tuple. If the 
above condition does not hold, a new cluster must be created with 
this tuple. The algorithm continues until it has traversed all the 
tuples in the dataset. It is obvious that the Comp_Sim algorithm 
only makes one scan over the dataset, thus, highly efficient for 
disk resident datasets where the I/O cost becomes the bottleneck 
of efficiency. It accepts as input the dataset D and the value of 
the desired similarity threshold. 
This algorithm has the following novel features:

It achieves both high quality of clustering results and • 
scalability.
Its ability for handling high dimensional datasets • 
effectively.

VI. The Algorithm and Its Complexity
Here we describe the algorithm based on CMVD
(Clustering of Mixed Variety of Data) framework (named 
algoCMVD), which is described below 
Algorithm: algoCMVD
Input: T
Output: Each Data Object Identified a Cluster
Label

Splitting the dataset T into categorical dataset (CD) and 1. 
numeric dataset (ND),binary dataset(BD),nominal dataset            
(NMD), ordinal dataset (OD), ratio-scaled dataset (RD).
Clustering CD using Categorical Data  Clustering Algorithm 2. 
(Comp_Sim, ROCK, etc.)
Clustering BD using Binary Data Algorithm  (COBWEB, 3. 
AUTOCLASS etc.)
Clustering NMD using Nominal Data Algorithm (DBScan, 4. 
Denclue, Optics etc.)
Clustering OD using Ordinal Data Algorithm (CLIQUE, 5. 
STING etc.)
Clustering RD using Ratio-scaled Numeric   Data Algorithm 6. 
(SOM etc.)
Combining the outputs of above algorithms into a categorical 7. 
dataset(Combined CD)
Clustering combined CD using Comp_Sim algorithm (or 8. 
alternative effective algorithm)

A. Computing the Complexity 

1. The algoCMVD Algorithm
Computational complexity of CMVD algorithm = ∑(complexity 
of Individual component). A recurrence equation can easily be 
designed to get the overall complexity of this process.
T(n) = aT(n/b)+D(n)+C(n)           if n>1   
The computational complexity of the CMVD algorithm can be 
derived in 3 parts:
The first part tells the computational complexity of n sub parts, 
second part tells about the cost for division operation and third 
part tells the cost of combining operation. 
Following process adds the complexity of various datasets and at 
last represented in categorical dataset. 
the complexity for clustering the categorical dataset,

the complexity for clustering the numeric dataset• 
the complexity for clustering the ordinal dataset• 
the complexity for clustering the nominal dataset• 
the complexity for clustering the binary dataset• 
the complexity for clustering the ratio-scaled dataset• 
the complexity for clustering the combined categorical • 
dataset.

Therefore, the overall complexity for the algoCMVD algorithm 
is 
C=O (C1 +C2+C3+C4+C5+C6+C7), where C1, C2, …, C6 and 
C7 are the computation complexities of part 1, part 2 up to part 
7. The results are in Big Oh notation.
The given Algorithm can be easily solved by Divide and conquer 
approach and recursion tree or iteration or substitution method 
with the complexity of O (n lgn) time complexity. 

VII. Cost Function for Mixed Data Clustering Max-Min 
Normalization for Numeric Data
For clustering the numeric data, first we will normalize numeric 
data so as to prevent the dominance of particular attribute. For 
which the normalization formula is as follows:-

=

Where,  is the i-th object, h and l are the higher and lower ranges 
respectively. N is the new normalized matrix containing all types 
of data.
Normalizing ratio-scaled values:-
First, we will take log of the ratio-scaled values, given as   

Normalizing ordinal values:-
First we assign ranks to the values as, better the value higher the 
rank and vice versa. Now, based on their ranks we will normalize 
them. Give 1 to the highest rank and 0 to the lowest one and other 
ranks get the value as:

µ(r) = ×(r-1)

Normalizing categorical values:-
If the two values match, put value 1 and otherwise 0.

VIII. Experimental Results On A Real-Life DataSet
We took a sample dataset from bank records to run a basic simulation 
of our algorithm. The sample data set was following:
A.I.: Annual Income
TOA: Type of Account
AA: Account Activity
Bal: Balance
The types of data used here can be further described as Ordinal 
data (A.I.), Boolean/Binary scaled data (Gender), Categorical data 
(TOA), Ratio Scaled data (AA), Numerical (Balance).
Now the Matrices obtained for different data sets were as 
following:

Table 1:
S. No. A.I. Gender TOA AA Bal. Log value of AA
1 2Lakh M S 50 0.3Lakh 1.699
2 3.5Lakh F C 490 2Lakh 2.690
3 2.5Lakh F N 150 0.5Lakh 2.176
4 4.5Lakh M C 388 2.2Lakh 2.589
5 5Lakh M S 180 3Lakh 2.255
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A. Ordinal Data 
A discrete ordinal variable resembles a categorical variable, except 
that the M states of the ordinal value are ordered in a meaningful 
sequence. Ordinal variables are very useful for registering 
subjective assessments of qualities that cannot be measured
objectively.

Table 2:
S. No. 1 2 3 4 5
1 0 - - - -
2 0.5 0 - - -
3 0 0.5 0 - -
4 1 0.5 1 0 -
5 1 0.5 1 0 0

B. Boolean/ Binary Scaled Data
A binary variable has only two states: 0 or 1, where 0 means that 
the variable is absent, and 1 means that it is present. Given the 
variable gender describing a person, for instance, 1 indicates that 
the person is male, while 0 indicates that the person is female. 
Treating binary variables as if they are interval-scaled can lead 
to misleading clustering results. Therefore, methods specific to 
binary data are necessary for computing dissimilarities.

Table 3:
S. No. 1 2 3 4 5
1 0 - - - -
2 1 0 - - -
3 1 1 0 - -
4 0 1 1 0 -
5 0 1 1 0 0

C. Categorical Data
A categorical variable is a generalization of the binary variable in 
that it can take on more than two states. For example, map color is 
a categorical variable that may have, say, five states: red, yellow, 
green, pink, and blue.

Table 4:
S. No. 1 2 3 4 5
1 0 - - - -
2 1 0 - - -
3 1 1 0 - -
4 1 0 1 0 -
5 0 1 1 1 0

D. Numerical Data 
Interval-scaled variables are continuous measurements of a 
roughly linear scale. Typical examples include weight and height, 
latitude and longitude coordinates (e.g., when clustering houses), 
and weather temperature.

Table 5:
S. No. 1 2 3 4 5
1 0 - - - -
2 0.629 0 - - -
3 0.074 0.555 0 - -
4 0.440 0.189 0.366 0 -
5 1 0.371 0.926 0.56 0

E. Ratio-Scaled Data
A ratio-scaled variable makes a positive measurement on a 
nonlinear scale, such as an exponential scale, approximately 
following the formula AeBt or Ae-Bt , where A and B are positive 
constants, and t typically represents time. Common examples 
include the growth of a bacteria population or the decay of a 
radioactive element.

Table 6:
S. No. 1 2 3 4 5
1 0 - - - -
2 0.9912 0 - - -
3 0.47719 0.47719 0 - -
4 0.8899 0.1013 0.41271 0 -
5 0.5563 0.4349 0.7911 0.3336 0

F. Mixed Type of Data
The result set of above types of data was combined to obtain a 
common table for mixed type of data by taking average of values 
in respective positions.

Table 7:
S. No. 1 2 3 4 5
1 0 - - - -
2 0.8240 0 - - -
3 0.5102 0.7064 0 - -
4 0.6659 0.3581 0.7557 0 -
5 0.5112 0.6612 0.9434 0.3787 0

IX. Analysis on our Experimental Results
By the above calculated tables, we can easily verify that in the 
dissimilarity matrices of our experimental tables, the clusters based 
on the minimum dissimilarity values are  element/ data items 2,4 
and 5 [ By D(2,4) or by d(4,2) and by D(4,5)] is minimum.
Here we are having 0.4 as the threshold value, so 1 and 3 cannot 
be clustered as there difference is too high to put them in same 
cluster.
So there can be three clusters for this data set:
C1:- data items 2, 4 and 5.
C2:- data item 1.
C3:- data item 3.

X. Conclusion
A comprehensive performance study has been conducted to 
evaluate our algorithm. We describe those experiments and 
their results. We ran our algorithm on real-life datasets to test 
its clustering performance against other algorithms. At the same 
time, its properties are also empirically studied. One observation 
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from the above analysis is that our algorithm‘s computation 
complexity is determined by the component clustering algorithms. 
So far, many efficient clustering algorithms for large databases 
are available, it implicate that our algorithms will effective for 
large-scale data mining applications, too.

XI. Future Scope and Possible Applications
The method can be extended accurately for other type of mixed 
variety of data like continuous, ordinal, discrete categorical 
or exponentially distributed ratio-scaled data set in real life 
applications. The future of data mining lies in predictive analytics 
and probability can be an important tool for it. From the time 
of Darwin, predictive analysis is used for consolidation and 
stability.

XII. Limitations 
The drawbacks of clustering algorithm like scalability issue in 
clustering, learning in unsupervised way for high dimensional 
data also lies in this technique. Current clustering techniques do 
not address all the requirements adequately Constraint-based 
clustering analysis: Constraints exist in data space (bridges and 
highways) or in user queries.
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