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Abstract
Recently there has been a lot of interest in mining the time 
series data. Stock data mining plays an important role to 
visualize the behavior of financial market. In financial data 
mining the data is normally represented in the numeric format, 
however, the symbolic representation is also used to evaluate 
the overall impact. Time series data are difficult to manipulate, 
but when they are treated as symbols instead of data points, 
interesting patterns can be discovered and it becomes an easier 
task to mine them. In this paper, a preliminary comparative 
study of numeric and symbolic representation of NSE stock 
data of thirteen years period i.e. from Jan. 1996 to Dec.2008 
is presented.. First of all the data was normalized, and the 
study has been conducted on the normalized data. Euclidean 
distance measure has been used to establish relationships 
among various stocks. Three symbols [up, down, neutral] 
have been used for symbolic representation of the data and 
distance is evaluated as per the matching pattern of these 
symbols. It has been found that in most of the cases the 
numeric representation of stock data gives better results than 
symbolic representation, but symbolic representation provides 
an easier interpretation and helped to determine an overall 
pattern. Symbolic pattern is having resemblance with price 
change pattern in numeric representation.
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I. Introduction
Data mining is the process of discovering hidden patterns 
in data. Due to the large size of databases, importance of 
information stored, and valuable information obtained, it has 
become increasingly significant to find  hidden patterns in 
data has become increasingly significant [16,21]. The stock 
market provides an area in which large volumes of data is 
created and stored on a daily basis, and hence an ideal dataset 
for applying data mining techniques [1,4,8]. In the financial 
domain, technical analysis [15] is one of the most commonly 
used methods for predicting price movements and future 
market trends. By studying charts of past market actions which 
take into account the prices of instruments and volume of 
trading, one may obtain certain ideas on investment decisions 
[11,14]. Technical analysis concerns with what has actually 
happened in the market, rather than what should happen. It 
is subjective and its success highly depends on the analyst’s 
experience. Statistical analysis has been widely used for many 
years to make predictions [24]. Every investor wants to know or 
predict the trends of the stock trading. Some of the investors 
use fundamental data analysis, such as company’s annual 
report to predict if there is any potential profit in its future stock 
trading. Others use the technical approach, such as various 
short-term, middle-term, and long-term indicators to decide 
when to buy or sell stocks. As an objective tool, data mining can 
be applied to discover the interesting behavior within a time 

series or the relationship among a set of time series so that 
investors can collect more useful information from the already 
available but huge amount of data [8,18]. For example, looking 
for repetitive patterns in a stock time series can be very useful 
for stock investors.
In this paper, the stock dataset was analyzed by evaluating 
similarity pattern. By identifying stocks that share similar 
behavior, the underlying pattern can be evaluated. , which is 
helpful in further analysis, such as stock market forecasting.  
One of the main challenges in stock data mining is to find 
the effective knowledge representation of the stock dataset 
[2,10,12] As such, the main objective of this study is to explore 
the suitability and compare the performance of numeric and 
symbolic   stock   dataset   in   similarity pattern. The experimental 
results demonstrate notable difference between the results 
produced by these two types of data representation.

II. Related Works
Financial data are conventionally represented in numeric 
format for data mining purpose.  However, recent works have 
demonstrated promising results of representing financial   data   
symbolically. However, it is argued in [12,17] that symbolic 
relational data mining is more suitable in incorporating 
background knowledge and their proposed methodology 
outperforms numeric financial data in generating IF-Then 
rules. Sequential and non-sequential association rule mining 
(ARM) were used to perform intra and inter-stock pattern mining 
[13,19,22], where each stock is represented symbolically based 
on its performance with respect to a user-defined threshold. 
Similarly encouraging results in finding correlations among 
the stocks with respect to an index by representing the stock 
dataset symbolically [10,12]. Although similarity pattern is the 
main concern of the study, these related works have motivated 
to present a comparative evaluation of the performance of 
numeric and symbolic representation of  stock dataset in this 
context.
For a time series dataset, similarity pattern can be performed 
using either complete or subsequence matching. Most of the 
research works pertaining to similarity pattern in time series data 
focused on finding suitable distance measures or dimension 
reduction [8,18]. Several distance measures are widely applied 
in this context, such as Euclidean distance, Dynamic Time 
Warping (DTW) and Longest Common Subsequence [7,24]. 
Euclidean distance was used for the similarity pattern on the 
numeric dataset. For the symbolic dataset, the similarity is 
evaluated using the measure applied on categorical variables 
in cluster analysis [18]. Complete matching is performed on 
both numeric and symbolic datasets.

III. Stock Dataset and Data Pre-Processing

A. Stock Dataset
For the purpose of this study, the stocks dataset of thirteen years 
period i.e. from Jan. 1996 to Dec.2008 of NSE stock exchange 
was used that amounts to 3252 days [26]. The trading of the 
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stock market within a day is recorded in a single text file. Each 
line represents the trading information of a stock.  

B. Data Preprocessing
Before data is scrutinized and processed for problem, it 
must be thoroughly inspected, cleaned and selected.  Since, 
even the best predictor will fail on bad data, data quality 
and preparation is crucial.  Also a predictor can exploit only 
certain data features, so it is important to detect which data 
preprocessing/presentation works best.   Data cleaning fills 
in missing values, smoothes noisy data, handles or re- moves 
outliers, resolves inconsistencies. Missing values can be 
handled by a generic method [5].  Since noisy data is not an 
alien property of real-world datasets, so majority of time of 
was spent in these experiments on data pre-processing.  The 
noise exists in our stock dataset can be generally classified 
into three main categories, which are duplicate records, 
inconsistent stock codes and incomplete files. Certain files 
contain duplicate records. Thus a thorough checking is applied 
on all the files to ensure only unique records on the same 
date. In most of these files, stocks are represented by stock 
codes. For example, Tata Motors is represented as telco and 
in some cases it is represented as tatamotors.  Tatasteel is 
represented as tisco where in some files it is as tatasteel, 
which causes lots of inconsistencies. This inconsistency gets 
more complicated when the listed companies change their 
names or when companies merge. In that case data is partly 
available with old name and remaining data is with new name. 
Lot of time was spent on tackling such inconsistencies [5]. 
Missing  values  are  observed  when  certain  stocks  or indices  
record  null  values  on  certain  days [4, 12]. For the purpose 
of this study, only stocks which have at most ten null values 
are selected. Methods  include skipping  the whole instance  
with a missing value, or filling the missing value with the mean/
new ’unknown’ constant, or using inference, e.g. based on most 
similar instances. The existing null values in all the selected 
records were filled by using the average of its first left and first 
right non-null values
Time series data is difficult to manipulate, but when they 
are treated as symbols (item units) instead of data points, 
interesting patterns can be discovered and it becomes 
an easier task to mine them [5,8]. Thus, it is suggested to 
convert the basic unit into symbols, i.e., numeric-to-symbolic 
conversion. The numeric-to-symbolic conversion transforms 
the available features (e.g. Open, High, Low, Close prices) of 
a financial instrument into a string of symbols. In other words, 
the numeric data sequences from each stock time series are 
interpreted and a unique symbol is then used to label them 
individually. Such a conversion process can be extended to 
granulate the numerical data into different time granularities 
and it provides a large collection of symbol strings, hopefully at 
various time granularities, which can then be used for different 
applications.

IV. Methodology
For numeric representation, Euclidean distance was calculated 
between the opening values of the stocks, closing values of the 
stocks, highest values of the stocks and the lowest values of 
the stocks as well as on the basis of trading volumes of stocks. 
For symbolic representation the use of the Open, High, Low and 
Close prices was made to carry out the numeric-to-symbolic 
conversion. Firstly, the resolution of the basic unit must be 

defined. The most common unit is in daily scale, while it is easy 
to extend the above price measurements to other resolutions, 
say, weekly, monthly, etc. Here, one of the challenges being 
faced is to determine an appropriate number of symbols that is 
representative and also flexible enough for different time series. 
If the number of symbols is too many, then the occurrence of 
each symbol would be infrequent, making the mining process 
and the subsequent prediction task difficult. Even the rule 
can be generated with high confidence, say 100%, the pattern 
may not happen again and hence the rule is useless. On the 
other hand, if the number of symbols is too few, the support 
of each symbol would increase but the confidence may not 
be high enough and the interestingness of the mined rules is 
questionable.
So, in this paper, only one feature is taken, i.e., the price 
movement consisting of three values/possibilities:

Symbol Definition
up (close-open)/close>   threshold
down (open-close)/close>   threshold
neutral (close-open)/close>= threshold

E.g.
for open=100, close=101.25 and threshold=1%, a up feature 
value will be generated.
for open=100, close=98.9 and threshold=1%, a  down feature 
value will be generated.
for open=100, close=99.3 and threshold=1%, a neutral feature 
value will be    generated .
The Threshold is a user-defined parameter. 
The distance is evaluated by using the following formula [18]
D=(d-m)/d
where, d is the total number of variables and m is the number 
of matching symbols occurred between the stocks concerned.  
The d in our case is 3252 since our dataset is of 3252 days.

V. Experimental Results
The tables for the five cases are presented below which clearly 
establishes the similarity in the stocks behavior. Table 1 to 5 
list the top ten most similar pairs of stocks in terms of opening, 
highest, lowest, closing values and trading volume. R gives the 
rank of pair of stocks according to their respective distance 
values D. Row 1 represents the same type of category i.e. of 
banking/finance. In other case the types are diversified vs. 
diversified or diversified vs. banks.

Table 1: Most Similar Stocks by opening values

R. Stocks Stocks D
 1 Hdfc Bank Sbi 3.44
2 Reliance Sbi 3.51
3 Reliance Sail 3.63
4 Hdfc Bank Reliance 4.36
5 Reliance Capital Sail 4.47
6 Grasim Hdfc Bank 4.62
7 Grasim Sbi 4.63
8 L& T Sail 4.81
9 L & T Reliance 4.85
10 Sail Sbi 4.93
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Table 2: Most Similar Stocks by highest values

R Stocks Stocks D
1 Hdfc Bank Sbi 3.45
2 ACC Sbi 3.57
3 Reliance Sbi 3.71
4 Hdfc Bank Reliance 4.42
5 Grasim Sbi 4.49
6 Reliance Capital Sail 4.57
7 L&T Sail 4.59
8 Grasim Hdfc Bank 4.64
9 L&T Reliance 4.84
10 L&T Sbi 5.21

The first  five most similar pairs of stocks  in Table 1 to 4 are 
consistent except in one case in Table 3 of highest values ACC 
in row 2  is an exception. These stocks are highly similar mainly 
due to the fact that they belong to the same type of industry 
or sector or related categories.

Table 3: Most Similar Stocks by lowest values

R Stocks Stocks D
1 Hdfc Bank Sbi 3.37
2 Reliance Sbi 3.64
3 Reliance Sail 3.9
4 Hdfc Bank Reliance 4.22
5 Reliance Capital Sail 4.4
6 Grasim Sbi 4.54
7 Grasim Hdfc Bank 4.62
8 L&T Sail 4.75
9 L&T Reliance 4.86
10 Sail Sbi 5.2

Table4: Most Similar Stocks by closing values

R Stocks Stocks D
1 Hdfc Bank Sbi 3.39
2 Reliance Sbi 3.77
3 Reliance Sail 3.81
4 Hdfc Bank Reliance 4.37
5 Reliance Capital Sail 4.51
6 Grasim Sbi 4.63
7 Grasim Hdfc Bank 4.71
8 L&T Sail 4.76
9 L&T Reliance 4.86
10 Bhel Grasim 5.16

Table 5 exhibits altogether different result which indicate the 
similarity, based on total number of quantity and it shows that 
there are always few selected stocks in which major activity 
takes place and which has highest volatility. 

Table 5: Most Similar Stocks by trading volumes

R Stocks Stocks D
1 Hdfc Ongc 2.02
2 Ongc Ranbaxy 3.06
3 Hdfc Ranbaxy 3.16
4 Cipla Hdfc 3.25
5 Cipla Ongc 3.47
6 Bhel Ongc 3.55
7 Bhel L&T 3.69
8 Cipla Ranbaxy 3.74
9 Bhel Hdfc Bank 3.79
10 Bhel Ranbaxy 4.08

From table 6 it can be depicted that the most ten similar stocks 
by price change, no pair is having any resemblance with Table 
1 to Table 4. Although many pairs belong to the same type of 
category like diversified/Steel.

Table 6:  Most Similar Stocks by Price Change

R Stocks Stocks D
1 ABB Siemens 1.190
2 Bhel Tata Steel 1.212
3 Bhel Bpcl 1.224
4 ABB HLL 1.235
5 ABB Sun Pharma 1.237
6 ABB HDFC 1.239
7 Tata Motor Tata Steel 1.240
8 ABB ACC 1.245
9 ABB Bhel 1.259
10 HDFC Siemens 1.260

But it is imperative that the results of similarity pattern on 
numeric data are more consistent with regard to the opening, 
closing, highest and lowest values. So, it may be said that the 
opening, closing, highest and lowest values of the stock data 
set are more suitable to be used as parameters for evaluating 
similarity pattern among them. 
Table 7 below represents the similar stocks using symbolic 
dataset. It represents the changes of the prices (up, down, 
neutral) without considering the actual magnitude of the price 
changes. If table 7 is compared with table 1 to table 4, it is 
clearly found that there was no similarity at all but table 6 
and table 7 is compared then it is found that there is much 
similarity in both these tables, only difference is in ranking but 
it is immaterial as there is less difference in value of D. First 
row of table 7 indicates most similar pair of stocks and belong 
to sister companies. So it may be concluded that there is a 
similarity in price change pattern of numeric representation 
with symbolic one as most of the rows in table 6 and table 7 
are similar however, their ranking may be different.
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Table 7:  Most similar stocks using symbolic dataset

R Stocks Stocks D
1 Tata Motor Tata Steel .459
2 ABB Siemens .513
3 Bhel Tata Steel .522
4 ABB Bhel .529
5 ABB ACC .548
6 ABB CIpla .556
7 Bhel Bpcl .558
8 ABB HLL .559
9 ABB Hdfc .559
10 ABB Sun Pharma .566

VI. Conclusion and Future Scope
In this paper we presented a comparative study of numeric and 
symbolic representation of our stock dataset.  For numerical 
representation Euclidean distance is applied to numeric dataset 
which is based on six parameters opening, closing, highest, 
lowest values, trading volume.  Our finding suggests that the 
opening, closing, highest and lowest  values  of  the  stocks   
are  able  to produce a similarity pattern .Whereas, symbolic 
stock data is  represented as {Up ,Down, Neutral} according  to  
the  price  changes.  The similarity is measured based on the 
number of matching symbols {Up, Down, Neutral}   between 
the time series stock data.  Compared to numeric dataset, 
similarity pattern performed on symbolic dataset generates 
less informative results because it captures only the superficial 
behavior of the stock dataset. Although symbolic stock data 
is incomparable to numeric stock data in terms of similarity 
pattern but, it generally provides an easier interpretation and 
overall pattern. Further the association rules can be derived 
from this symbolic representation to generate an efficient 
pattern so that an investor can make use of that to plan their 
investment The symbolic representation may be used for 
generating classification rules  which may provide an easier 
approach  to understand and  classify stocks as per  their 
daily behavior.
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