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 Abstract – Unsupervised learning plays an important 
role in knowledge exploration and discovery. Two basic 
examples of unsupervised learning are clustering and 
dimensionality reduction. In this paper, we introduce an 
improved model for clustering based on a hierarchical 
analysis method.  In our model, there are three main steps. 
In the first step, we use a structural clustering model to 
find qualitative patterns from a given dataset. Then, the 
second step applies a quantitative-based clustering 
algorithm to find quantitative patterns from the dataset. 
The third and the last step generates hybrid patterns by 
combining the patterns obtained from the first two steps 
based on a certain criterion so that deeply hidden 
relationships can be extracted from the dataset. In this 
paper, we also discuss the results of our experiments with 
the proposed model and algorithms on longitudinal 
medical records. 
 
 Index Terms – Hierarchical Analysis, Unsupervised Learning, 
Knowledge Exploration. 
 

I.  INTRODUCTION 

From a traditional point of view, knowledge exploration 
can be categorized into supervised learning and unsupervised 
learning [8]. In the last decade, there have been a lot of 
interest and research activities on supervised learning 
approaches and techniques, whereby class information is 
available before any knowledge exploration takes place. The 
most utilized framework is to achieve a predetermined 
independent measurement in order to preferentially target 
classes. Then a classification algorithm is applied in the data 
pre-processing stage [14, 15]. However, this approach is not 
robust to be effectively applied on irregular size features or 
nonrecurring, high-dimensional variables. 

Unsupervised learning is a new approach in knowledge 
exploration. It is widely used in/with unlabeled data, such as 
extracting relevance that exist in time-varying (longitudinal) 
records. Unsupervised learning is an important supplementary 
method to category data since it could increase the precision 
of clustering results. Unlike supervised learning, unsupervised 
learning attempts to find the smallest and most precise 
features by best uncovering clusters instead of using 
preferential classification labels [4, 5].  Because the idea 

behind unsupervised learning is to run a clustering algorithm 
from raw data [9], most researchers consider the application of 
a cluster mining algorithm as a key step in the framework of 
knowledge exploration. The use of an unsupervised 
framework could save time in data processing by removing 
the matching and ranking process used for specified classes, 
and avoiding redundant analysis. 

In this paper, we propose a hierarchical analysis method 
to provide an accurate and relevant data grouping by a 
clustering algorithm under three steps. The goal of 
unsupervised learning aided by hierarchical analysis is to 
make the error of knowledge exploration as small as possible 
especially when we are dealing with time series or data sets 
with irregular distribution. Also our method provides a 
visualization interface for the data miner that could also 
incorporate domain knowledge in the process. 

The rest of the paper is organized as follows. Section 2 is 
a general introduction to the hierarchical analysis theory. In 
section 3, we discuss in details the three levels of hierarchical 
analysis and the way in which it is used in unsupervised 
learning. In section 4 we apply our approach in an experiment 
based on Australian Medicare Data source to demonstrate 
hierarchical analysis of unlabeled health records and discuss 
the results of our experiments. Last section discusses related 
work and concludes the paper with a brief summary. 

II. HIERARCHICAL ANALYSIS THEORY 

Hierarchical analysis is an advanced approach based on 
polynomial model, normally divided into three levels, namely, 
structure based level, value based level and global pattern 
level [17]. In the first, structure-based level, distance measures 
are adopted by a structural search on feature sets through 
polynomial modelling in order to group qualitative patterns. In 
the second, value-based level, statistical measures are utilized 
to extract conditional distribution from feature sets to define 
quantitative patterns. In the last, global level, patterns from the 
previous two levels are combined into global patterns to 
accomplish data mining of subset relationships. 

In hierarchical analysis theory, we define data in three 
parts, namely the quantitative part, the qualitative part and the 
position part. Hence, every feature set F has a triple value 
defined for it: 

F = {v, k, p}.    (1) 
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Here v is the quantitative part, k is the qualitative part, and p is 
the position part. 

Then two assorted patterns are created to complete a 
hierarchical analysis. One is the quantitative pattern that 
corresponds to every data both in v and p 

V = {v, p}.    (2) 

And the second is the qualitative pattern that corresponds 
to every subset both in k and p. 

Q= {k, p}.    (3) 

Under the hierarchical analysis theory, we assume that 
there is a finite amount of data. In a given data set F={f1…fm}, 
we assume ti is their position parameter. So we can  transfer 
the original data into a new observational group 

.)mi1(}t,f{)t(F iii ≤≤=  (4) 

where F(ti) denotes the value of the corresponding data item 
by its position parameter. For example, we randomly choose 
1000 data items from the original set. In this example, m is 
1000 and ti ranges from t1 to t1000 and is matched with each 
chosen data item. Each new observational object is expressed 
as F(ti)={fi,ti} (1�i�1000). 

Now we combine every two consecutive objects into 
another new observational group S(ti)={F(ti),F(ti+1)}. There 
exist three states in the new group depending on whether 
values increase, decrease or keep the same. We suppose that 
Ss is the same value as the prior one; Su is the stronger value 
compared with the prior one (the value has increased); and Sd 
is the weaker value compared with the prior one (the value has 
decreased). Hence, the new group can be expressed as 

.)mi1()}t(F),t(F{)t(S 1iii −=  (5) 

.}S,S,S{)t(Sandmi1}t),t(S{)t(S dusfifi ii
∈=  

(6) 

As it has been mentioned above, given a finite amount of 
data F = {f1, f2 … fm}, we can divide it into three parts: the 
quantitative part, the qualitative part and the position part. 
Then, the qualitative patterns and the quantitative patterns are 
separately created by those three parts. The qualitative one is a 
base distribution in probability space. And the quantitative 
one is a coefficient distribution of the data.  

Therefore, the task of unsupervised learning can be 
formulated as follows:  

F = {V} ⊗ {Q}. (7) 

The quantitative pattern of the data set is 
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 And the qualitative pattern of data set is 

{ }.)t(S,),t(S),t(SQ i21 �=  (9) 

Therefore, data set under hierarchical analysis can be 
written in the form shown below  

( ) ( ) ( ) ( ){ }.tStF,),t(StF),t(StFF 1m1m2211m −− ⊗⊗⊗= �  (10) 

Also we assume that for each successive pair of data, it 
has a uniformly distributed function 

.tt)c(f i1i −= +  (10) 

The main advantage of hierarchical analysis is to 
effectively increase the accuracy of unsupervised learning 
because the final result of knowledge exploration integrates 
the completed analysis from three levels. 

III. HIERARCHICAL ANALYSIS IN UNSUPERVISED LEARNING 

 In this section, we present our unsupervised learning 
approach aided by hierarchical analysis . In recent years, the 
discovery of two types of data, named complete/partial 
similarity data and periodicity data has become the focus of 
attention, especially when the data may contain high-
dimensional features or time-varying attributes.  

According to hierarchical analysis, we consider observed 
data as expressed in two patterns. The first one is the 
qualitative pattern, also called structural pattern, whose focus 
is on analysis of state space S = {Ss , Su , Sd}. The second part 
is the quantitative pattern, also called pure-value pattern, 
whose focus is on analysis of probability space P. Eventually, 
we combine the results from the above two levels into a 
hybrid pattern to obtain the final learning result. 
  
A. Qualitative Pattern 

 The generation of the qualitative pattern is based on 
state S processed in data. We firstly suppose that a qualitative 
sequence on Q is a set of structural vector sequences, 
Q={Q1,…,Qm}, where each Qti=(S(t1), S(t2),…, S(ttn) ) (1�i�m) 
denotes the m-dimensional attributes for each Qi that is to be 
assigned to a specified distribution cluster.  

Hence, we can consider {Qti: i m} as a qualitative 
pattern.   

( ) ( ) .mi1}t),t(S,,t),t(S{Q mf1ft m1i
�=  (11) 

}.S,S,S{)t(S dusfi
∈  (12) 

where Qt is an irreducible homogeneous qualitative set with 
states of S. 

Now we can define a probability set which is a correlated 
measure of the relationship between two data sequences. It is 
called a correlation ratio sequence for all qualitative states and 
give as follows.  
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Hence, we can find a unique, strictly positive statistical 
distribution for each Qt. 
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B. Quantitative Pattern 
We assume {Y(ti): i m} is the quantitative pattern, where 

{ }.)f(h,f)t(Y iii =  (14) 

Due to quantitative-based search, the unknown regression 
function h(fi) is obtained by applying a Taylor expansion of 
order p in a neighborhood of fi-1 with its remainder np. 
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where 

.fn ppp ⊗= ϖ  (16) 

Also, least square estimation can make the value of � 
under the linear model 

).a,(p~ mm
2σββ

∧
 (17) 

where amm is the mth diagonal subsets in matrix N. After all, 
we can transform the quantitative pattern problem into a local 
linear model and formulate it as the data distribution 
functional analysis. 

We observe that quantitative pattern search has two 
benefits. On the one hand, it helps remove non-relevant data 
by a near zero local linear model and groups similar ones into 
various valuable clusters. On the other hand, it sheds light on 
whether observational data is linearly separable; it will still be 
linearly separable even when some data are marked as 
redundant and deleted out of observational groups. 
  
C. Hybrid Pattern 

We combine the above two kinds of patterns to discover 
hybrid patterns from a given data set. Firstly, we extract the 
qualitative pattern {Qti: i m} to apply for the data functional 
distribution sequence on the state space S. Secondly, we 
suppose the quantitative pattern {Yti: i m} is a nonnegative 
random vector process. Thirdly, we apply the conditional 
distribution of feature Ft. For example, if Qti = S(tfi), Yti has a 
Poisson distribution with mean �i, let E(Yti|Qti), the conditional 
mean of Yt can be calculated by the following function:  

.)t(F)t(
m

1i
ii�

=

= λµ  (18) 

where the random data F(ti) is the indicator of the event {Qti = 
S(tfi)}. At the same time, the state development probabilities 
are then given as shown below:  
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Now, according to the above deduction, the hybrid pattern 
is defined as Poisson Hidden Models and the hybrid pattern 
search becomes the problem of Poisson distribution 

IV. EMPIRICAL STUDY 

A. Background 
In order to test the feasibility of our approach to 

unsupervised learning aided by hierarchical analysis in 
knowledge exploration, we apply it to mining information 
from large real-world health care records. We choose the 
sample data from Australia Medicare Database that has been 
collected in Australia nation-wide since the inception of 
Medicare in 1975. The data source in Medicare transaction 
during period 1997 and 1998 will be explored in an 
experiment using unsupervised learning. In particular, we 
concentrate our efforts on finding hierarchical patterns from 
longitudinal records. 

Those records show patients’ status of treatment, such as 
the times of visiting consultants and so on. Those irregular 
attributions in data make analysis difficult. Hence, we firstly 
define the date of a medical service as an index of hierarchical 
patterns, and choose six general categories of medical 
services. They are Professional Attendances (PA); Diagnostic 
Services (DS); Approved Dental Practitioner Services (AD); 
Diagnostic Imaging Services (DI); and Pathology Services 
(PS). Secondly, we sample patient’s records and process them 
in hierarchical analysis. 

 
B. Finding Qualitative and Quantitative Patterns  

We investigate the qualitative pattern on state-space 
Si={Su, Ss, Sd} because only three states are designated for our 
analysis. The algorithm of qualitative pattern search is shown 
in Table I. Figures 1 and 2 provide further explanation. 

 
TABLE I 

THE ALGORITHM OF QUALITATIVE PATTERN SEARCH 

F % Original data (f1…fm) 
S % Sequence set of states 
t % Position parameter 
r % Ratio set of state transition 

Input: 

� % Probability set of state ratio 
Procedure Qualitative Pattern Search 
Begin 
        Define Q{S;t} 
        Define �{r;t} 
        Initial S0 Initial t 
        For Int i=2;i<=m;i++ 
            S[t].t=i-1 
                 If fi=fi-1 then S=S + Ss; 
                     Else if fi<fi-1 then S= S + Sd 
                     Else if fi>fi-1 then S= S + Su 
        Initial r, Initial t 
        For Int i=2;i<=m;i++ 
            � [t].t=i-1 
                r=r+(Q{S[i]}/Q{S[i-1]}) 
        �[t]=�+P(r) % the value of transition probability 
        Plot �[t] 
End 
Output relationship among states 
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Fig. 1 Distribution of Patients who only use consultation item numbers. 

 

 
Fig. 2 Distribution of Patients who use consultation and medical item 

numbers. 
 

TABLE II 
THE ALGORITHM OF QUANTITATIVE PATTERN SEARCH 

F % Original data (f1…fm) 
Y % Quantitative Pattern 
Q % Set of frequency distribution 
H % Set of quantitative data 

Input: 

� % An auto-regression model 
Procedure Quantitative Pattern Search 
Initial the value of Q {fi, h(fi)}, k= numbers of clusters 
Sort the item numbers into quantitative pattern 
Compute 
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    Let Yt(i-1)=Q(fi)-Q(fi-1), 
        Let Yti=Yt(i-1)+� 
            Compare Yti and Yt(i-1) 

                If Yti is distinct then send to H 
Plot H 
Output relationship among quantitative pattern 

 
Fig. 3 Items frequency distribution in the different qualitative element. 

 

 
Fig. 4 Items frequency distribution in the same qualitative element. 
 
Since each patient record length is different in these 

health records, we can only use their statistical value as 
variables in the linear regression model. The algorithm of 
quantitative pattern search is shown in Table II. Figures 3 and 
4 provide further explanation. 

 
 C. Finding Hybrid Patterns in the Experiment 

We combine two patterns from the qualitative and 
quantitative parts into a hybrid model. Then some results of 
our experiments can be explained as follows:  

 
�� Item 4 and Item 5 are independent. We found that 

there exist some similarities of distribution between 
them. However, non-related elements exist between 
their clusters. This means the patients have received a 
number of treatments that are similar but in different 
time periods. 

 
�� Item 1 and Item 6 have moderate similarity. This 

means doctors probably have different levels of 
knowledge of diabetes problems. 
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V.  DISCUSSION AND CONCLUSION 

 In recent years, various studies have been conducted in 
knowledge exploration from massive datasets for searching 
different kinds of and/or different levels of patterns. However, 
the techniques developed in those studies are not for general 
cases.  

For example, most researchers use statistical techniques 
such as Metric-distance based technique, Model-based 
technique, or a combination of several techniques to search 
different pattern problems such as in periodic pattern 
searching, and in similarity pattern searching.  

R. Agrawal and others [1] present a “shape definition 
language”, called SDL, for retrieving objects based on shapes 
contained in the histories associated with these objects. Das 
with others [2,3] describe adaptive methods, which are based 
on similar methods for finding rules and discovering local 
patterns. Williams and others [7,16] have considered three 
alternative feature vectors for representing variable-length 
patient health records. 

Our work is different from theirs. Hierarchical analysis is 
utilized to aid unsupervised learning and improve knowledge 
exploration. Hence, we design three levels to accomplish this 
purpose. The transition probability is utilized in the first level 
to define conditional distribution. The quantitative patterns are 
placed in the second level to extract pure value point data. In 
the final level, we combine qualitative and quantitative 
patterns to obtain a hybrid pattern. Our hierarchical analysis 
mostly improves the precision of knowledge exploration in an 
unsupervised learning environment.  

In future work, we plan to apply our approach to other 
real-world datasets such as financial datasets. 
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