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Abstract 

Analysis of trading rules and trading days are complex for the investors. Trading system influenced by a lot of factors such as, 

National policies, Economic environment, Supply – demand relationships. The mined patterns are regarded as trading rules and 

can be classified as three trading actions (buy, sell, and no-action signals). From that an average performance was compared with 

the conventional trading systems. This research paper proposes the use of bi-clustering mining to discover the trading pattern. It 

innovatively proposes the use of bi-clustering mining to discover an effective technical trading pattern that contain a combination 

of indicators from historical financial data series. A modified k- Nearest Neighborhood (k-NN) method is applied to the 

classification of trading days in the testing period. Experimental result demonstrates.  

Keywords: Trading systems, bi-clustering, k-NN algorithm, genetic programming 

________________________________________________________________________________________________________ 

I. INTRODUCTION 

The trend in forecasting the stock market has been a confronting research field for a long time. A trading system is simply a group 

of specific rules, or parameters, that determine entry and exit points for a given equity. Set of techniques or tools required for 

analysis of historical data, selection of most appropriate modelling structure, model validation, development of forecasts, and 

monitoring and adjustment of forecasts, etc. However, it is influenced by many factors such as political events, general economic 

conditions, and trader’s expectations, which make the stock market trend prediction, become a challenging task. The fundamental 

analysis is one of the main methods in the stock market analysis, which is based on the macro economy, the basic information of 

the companies, including profitability, industry prospects, and liabilities. Investors need to consider all the factors when they buy 

or sell a stock. Technical analysis is another kind of method in the stock market analysis. It summarizes the typical rules in the 

market and forecasts the future trend by analyzing the historical price and the trading volume of the stocks. According to the 

efficient market hypothesis in 1960s and 1970s, investors [1] can quickly and effectively utilize the potential information in buying 

and selling stocks, which means all the factors affecting the stock price have been reflected in the price of the stock. Therefore, 

buy-and-hold (i.e., random selection) is the optimal strategy, and technical analysis of stock is invalid. Whereas the subsequent 

research result has given a different conclusion, a number of technical analysis methods have emerged, ranging from traditional 

time series approaches to artificial intelligence techniques. Fuzzy logic is an approach to computing based on "degrees of truth" 

rather than the usual "true or false" (1 or 0) Boolean logic on which the modern computer is based. Because the stock price is a 

special kind of time series data, the traditional technical methods to predict the stock price are mainly time series analysis based 

on models such as, genetic programming (GP), artificial neural network (Ann) and template matching. k-Nearest Neighbors 

algorithm (or k-NN for short) is a non-parametric method used for classification and regression. However, due to the high noise 

and the nonlinearity of the stock market, those methods are not satisfying. Therefore, a variety of advanced time series methods 

have been proposed, which are used to predict the stock time series data. 

II. LITERATURE REVIEW 

In Temporal Web Ontology Language, Viorel Milea,Flavius Frasincar, and Uzay Kaymak. [3]They present a temporal extension 

of the very expressive fragment SHIN(D) of the OWL-DL language resulting in the OWL language. i) Concrete Domains, that 

allows the representation of restrictions using concrete domain binary predicates, ii) Temporal Representation, that introduces time 

points, relations between time points, intervals, iii) Time Slices/Fluent, that implements a perdurantist view on individuals and 

allows for the representation of complex temporal aspects, such as process state transitions. 
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 Moving Average Rules, Volume and the Predictability of Security Returns with Feed forward networks, Ramazan Gencëay ,they 

provide some evidence of non- linear predictability in stock market returns is found by using the past buy and sell signals of the 

moving average rules. In addition, past information on volume improves the forecast accuracy of current returns. Generating 

trading rules on the stock markets with genetic programming, Jean-Yves Potvin, proposed genetic programming as a means to 

automatically generate such short-term trading rules on the stock markets. 

Feature selection for multimedia analysis by sharing information among multiple tasks,       Y. Yang, Z. G. Ma, A. G. Hauptmann, 

and N. Sebe, An efficient iterative algorithm is proposed to optimize it, whose convergence is guaranteed. Experiments on different 

databases have demonstrated the effectiveness of the proposed algorithm.  

Evaluating the importance of each feature individually, our algorithm selects features in a batch mode, by which the feature 

correlation is considered. While feature selection has received much research attention, less effort has been made on improving 

the performance of feature selection by leveraging the shared knowledge from multiple related tasks. Our algorithm builds upon 

the assumption that different related tasks have common structures. Multiple feature selection functions of different tasks are 

simultaneously learned in a joint framework, which enables our algorithm to utilize the common knowledge of multiple tasks as 

supplementary information to facilitate decision making. An efficient iterative algorithm is proposed to optimize it, whose 

convergence is guaranteed. Experiments on different databases have demonstrated the effectiveness of the proposed algorithm. 

Clustering validation has long been recognized as one of the vital issues essential to the success of clustering applications. In 

general, clustering validation can be categorized into two classes, external clustering validation and internal clustering validation. 

In this paper, we focus on internal clustering validation and present a study of 11 widely used internal clustering validation 

measures for crisp clustering. The results of this study indicate that these existing measures have certain limitations in different 

application scenarios. As an alternative choice, a new internal clustering validation measure, named clustering validation index 

based on nearest neighbors (CVNN), which is based on the notion of nearest neighbors. This measure can dynamically select 

multiple objects as representatives for different clusters in different situations. 

Evolution procedure finishes the best-so-far solution selected by the MOGP is regarded as the (near-) optimal feature descriptor 

obtained. To evaluate its performance, the proposed approach is systematically tested on the Caltech-101, the MIT urban and nature 

scene, the CMU PIE, and Jochen Triesch Static Hand Posture II data sets, respectively. 

Context-based ensemble method of NNs which dynamically changes on the basis of the test day's context is implied to reduce 

the time in processing a mass data. Parallelized the GA on a Linux cluster system using message passing interface is tested with 

the proposed method with 36 companies in NYSE and NASDAQ for 13 years from 1992 to 2004. The neuro-genetic hybrid showed 

notable improvement on the average over the buy-and-hold strategy and the context-based ensemble further improved the results. 

From the above literate, it is a nonlinear dynamic system influenced by lot of factors in recognizing the stock values. However 

it is not an easy for the investors to make a correct decision in finding a particular system because the stock market is a highly 

complicated. Some evidence of non-linear predictability, genetic programming, and an iterative algorithm in stock market returns 

is found by using the past buy and sell signals of the moving average rules but, their approach in finding the particular stock was 

not an efficient. 

III. METHODOLOGY 

Technical analysis aims at predicting price trend by some rules based on the study of historical data in the market. These methods 

are based on figures or models which could be described by mathematical formulas that set historical data as input and the trading 

indicator as output. The rules found could help investors to make better decisions in the markets. Technical analysis is based on 

the assumption that there exist consistent behaviour patterns that are time invariant associated with the stock price and would recur 

in the future; thus these patterns can be used for predictive purposes. As mentioned above, a bi-cluster is a sub-matrix which could 

be regarded as a local coherent pattern. Bi-clustering methods could find the coherent patterns in the stock data, which we used to 

generate the trading rules.     In this paper, we use the historical data of the stock or the financial comprehensive index to build the 

data matrix, where the rows are the trading days and the columns are the technical indicators and future return. The different 

combinations of the technical indicators mean different trading rules.  

Some of them (combinations of the technical indicators) appear in the training sets in many trading days. The patterns 

corresponding to those combinations will occur in the future and can be regarded as trading signals which imply the stocks rise or 

fall, so we can refer to the signals to make the decision to buy or to sell. In other words, when some technical indicators fall into a 

certain range, it can be regarded as the stock change signal. It is meaningful and significant that a technical indicator shows 

approximate or similar values in different days. Therefore, our method mines bi-clusters with constant value on columns in the 

data matrix.  

Considering that the local information and manifold information are both important for data clustering, Bi-clustering System is 

proposed to mine the bi-clusters with constant values in columns. The procedure is stated as follows: (1) cluster each column in a 

data matrix by k-NN algorithm; (2) mine the bi-clusters with constant value in columns of the matrix. As a result, only those bi-

clusters that contain both technical indicators and future return are taken into consideration. The detected bi-clusters are the stock 

trading rules. 

When the trading data of the future could match with the trading rules, to buy or sell signal will be determined to make the 

corresponding stock trading decisions. In addition, in order to find the trend of the current stock price and to weaken appropriately 
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the influence of historical data for prediction, an innovative method based on support is introduced to update the trading rules in 

the testing process.  

The bi-clustering method can find local consistency model in time series data which is in accordance with the characteristics of 

stock data matrix. Although there is no complex step, it has obtained the good effect. A trading system based on multi-objective 

particle swarm optimization was proposed by Briza and Naval. By using the trading signals from a set of technical indicators, the 

system develops a trading rule which is optimized for two objective functions: Sharpe ratio and percent profit. An intelligent hybrid 

stock trading system was designed by Chavarnakul and Q Huang [5][8], which integrated neural network, fuzzy logic, and genetic 

algorithm. The rules are generated based on single technical indicator-volume adjusted moving average (VAMA). The system 

shows the advantages of different methods, allowing the investors to make better stock trading decision. 

Although the reliable basis for the technical analysis has not been set up, many investors and the market analysis staff uses the 

technical indicators to analyze the stock price. Most of the technical analysis methods generate trading rules based on one or a few 

predefined technical indicators. However, it is not always effective by using a technical indicator or the combination of some 

technical indicators. As the stock prices are affected by a variety of deterministic and stochastic factors, the stock price model 

should not be static all the time. No technical indicator can be used to construct all the models. Therefore, when the model of the 

stock price changes, we should choose different technical indicators to build different models. 

In order to solve the above problem, we use a data mining method bi-clustering technique to find local patterns in the historical 

data where different patterns contain a subset of technical indicators with different periodic parameters. The model found is 

regarded as the trading rules, which are applied in the short term prediction of the stock price, combined with the minimum-error-

rate classification of the Bayes decision theory under the assumption of multivariate normal probability model. In addition, this 

paper also makes use of the idea of the stream to update the trading rules dynamically and weaken the impact of historical data on 

the model. 

 Data Preparation and Pre-processing: 

For a stock or a financial composite index, a data matrix is constructed using historical data where the rows correspond to trading 

days and the columns corresponding to 26 technical indicators with different periodic parameters and future returns. Seven popular 

technical indicators are chosen for this paper to form the data matrix. They are the rate of change(ROC), the exponential moving 

average (EMA), the average directional index (ADX), the average true range (ATR), simple moving  average (SMA), the Williams 

percentage range (%R), and relative  strength index (RSI)[5]. With different time lengths associated with each indicator, there are 

a total of 26 features adopted as the first section of the columns. 

All the technical indicators of a stock or a composite index are computed using the historical data, including the closing prices 

and transaction volumes. Therefore, a data matrix with the number of days in the training period can be constructed. Please can be 

regarded as an example and readers can use other technical indicators to form different data matrices for their applications. 

The price movement can be considered by the percentage changes of the price in the sequence of trading days. Replacement of 

original value elements with the percentage of difference is implied between the original values and the closing prices of 

corresponding trading days. 

PD_MA(i, j) =  
MA(i,j)− CP(i)

CP(i)
 ×100%           (1) 

Where the formula (1) states, CP(i) denotes the closing price at the ith trading day, MA(i,j) denotes with a periodic parameter j 

at the ith trading day, and PD_MA(i,j) denotes the percentage of difference between MA(i,j) and CP(i). Since the financial market 

is time variable and its price variation is a very dynamic system this environment motivates a need for reassessment of the price 

movements. Therefore, computing the future price corresponding to each trading day is firstly replaced by the mean closing price 

of the following n trading days (denoted by CP_ avei) to reflect the price movement trends more convincingly as below: 

            𝐶𝑃_𝑎𝑣𝑒𝑖  =  
1

𝑛
∑ 𝐶𝑃𝑚

𝑖+𝑛−1

𝑚=𝑖

                            (2) 

From (2) CPi is the closing price at the ith trading day. In this paper, we consider short- term investment and set the parameter n 

to be 10.  

 Bi-clustering: 

       Having formed the data matrix, we search for the bi-clusters that are a result of the trading rules. Each bi-cluster has constant 

columns under a subset of indicators. On this occasion, different trading rules can be represented by a different subset of technical 

indicators. This means that the combination of these indicators occur multiple times during the trading days in the training set. The 

pattern indicated by these indicators has a high possibility to occur again, and may be a useful 
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Fig. 3.1: Bi-clustering algorithm 

Consequently, using an algorithm to find bi-clusters from historical financial data is necessary. Meanwhile, it is obviously noted 

that each indicator should take the same or similar values for different rows in a discovered trading pattern. Therefore, we propose 

an algorithm Fig: 3.1 to find the bi-clusters with constant columns from the data matrix. Process of bi- clustering is divided into 

four types: (1) bi-clusters with constant values; (2) Constant values in rows or columns; (3) coherent values; and (4) coherent 

evolutions [7]. Figure 2 explains ten typical examples for these four types of bi-clusters. Figures 1(M1)–1(M7) represent the first 

three which have the numeric values in the data matrix. All kinds of bi-clusters have their own characteristic and are suitable for 

different data and fields. Furthermore, future returns are placed in the data matrix as the second section of the columns. They can 

be obtained by averaging the returns of the following trading days over a period of time. The number of following trading days is 

determined by users according to their respective applications. 

 k-Nearest Neighborhood: 

This module innovatively proposes the use of bi clustering mining to discover effective technical trading patterns that contain a 

combination of indicators from historical financial data series. This is the first attempt to use bi clustering algorithm on trading 

data. 
Table - 1 Example for types of bi-cluster matrix (M1) Constant values, (M2) rows, (M3) columns, (M4) Additive, (M5) multiplicative coherent 

values, (M6) Overall coherent evolution and, (M7) Coherent evolution values in columns and rows 

                                                      M1                                                        M2                                                        M3                                           M4 

 

 
                                                     M5                                     M6                                             M7 

The mined patterns are regarded as trading rules and can be classified as three trading actions (i.e., the buy, the sell, and no-

action signals) with respect to the maximum support. A modified k-Nearest Neighborhood (k-NN) method [7] and [6] is applied 

to classification of trading days in the testing period.  

The proposed method [called bi-clustering algorithm [6] and the k-Nearest Neighborhood (BIC-k-NN)] was implemented on 

four historical datasets. Designing a k-NN model [4] for load forecasting is not as easy task. It is associated with complexity in 
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selecting appropriate model structure, input variables, training and testing data sets. It is always wise to choose input variables 

which directly influence the output. It is mainly used for prediction, classification, or pattern recognition.  

The k-NN computes system parameters while learning the input variables which are called training. The best number of hidden 

layers will be ascertained by a trial and error process to find the minimum root mean square error.  

 Forecasting the actions using k-NN: 

In the testing period, the trading actions are determined based on the matching of trading rules and trading days. For each trading 

day, the values of all the technical indicators are calculated. Since a trading rule is a vector of technical indicator with specific 

values, a trading day is considered to match a trading rule when the values of the corresponding technical indicators of the trading 

day are very similar to the value of the corresponding technical indicators of a trading rule. In this paper, the root-mean-square 

(RMS) (3) of the corresponding  

RMS = √∑
(𝑣𝑡𝑑(𝑗)−𝑉𝑟𝑙(𝑗))2

𝑛𝑗
𝑗∈𝑆𝑇              (3) 

Technical indicators is used to measure the similarity between trading day and trading rule. 

IV. TRAINING PHASE 

The training set is a part of history data of one stock. The BIS algorithm is implemented to find the effective stock price prediction 

model, namely, the stock trading rules, and further to verify the validity of the stock trading rules in the testing phase. 

 Proposed Bi-clustering Method: 

As an efficient data mining tool, bi-clustering technique is an extension to the traditional clustering methods, which allows 

simultaneously cluster rows and columns to find the sub matrices where the rows show the same pattern in the corresponding 

column sets. Fig:4 A sub matrix represents a local meaningful pattern hidden in the mass data.The historical data of stock 

transaction usually forms a matrix where the rows correspond to the dates of the transactions and the columns correspond to the 

technical indicators. When some technical indicators of stocks fall in a specific range, the trader should make the decision to buy 

or sell, which are the trading rules.  

 
Fig. 4: Flow Diagram of Training Phase 

Therefore, the trading rules can be represented as some turning points whose specific technical indicators fall in the same range, 

and the trading dates and technical indicators compose a matrix which accorded with the characteristics of bi-clusters with constant 

values in the columns. So our algorithm searches all those bi-clusters in the training matrix to get the stock trading rules and guide 

the stock trading. 

In order to forecast the stock prices’ change according to the historical data of stock trading, an effective trading rule must 

contain a return and several technical indicators. That is to say, a bi-cluster should contain two parts: a return (the 1st column) and 

the technical indicators. Based on the constraints, we raise a new algorithm to find the bi-clusters with constant values in the 

columns whose support is beyond the support threshold, namely, BIS algorithm mentioned before. It starts with each column. 

Gradually the bi-clusters are merged into bi-clusters with constant values in two or more columns. The following is an example of 

detailed procedures. 

After data pre-processing, the original data matrix is transformed into matrix, as shown in Table 2. 
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Table – 2 

Pre-processed Values 

 C 1 C2 C3 C 4 C5 

R1 1 0.73 0.48 0.34 0.69 

R2 1 0.73 0.48 0.34 0.69 

R3 0 0.73 0.74 0.62 0.18 

R4 -1 0.73 0.74 0.62 0.40 

R5 -1 0.73 0.18 0.89 0.40 

The process of the algorithm is described as follows: 

 Step1: After the clustering in the data pre-processing, elements in each column have been clustered into several clusters and 

bi-clusters of one column (i=1,2....k and j=1,2,....n) are obtained, which means the ith bi-cluster of the jth column. Then add 

the bi-clusters of one column whose row numbers are beyond the row threshold into the bi-cluster set at the same time, and 

these bi-clusters are regarded as the set of bi-cluster seeds (BS) for the next step.  

 Step 2: In Step 1, that is, all the bi-clusters of the first column in B are combined with other bi-clusters (i=1,2....k and j=1,2,....n)  

to get the bi-clusters of two columns. The row sets of two merged bi-clusters are intersected and the column sets of two merged 

bi-clusters are joined. The results which could not satisfy the row threshold are deleted. Finally all the satisfying bi-clusters of 

two columns are added to the bi-cluster set and regarded as the new BS set. 

As described in Step 2, each pattern of the first column is merged with patterns of the second column or patterns of other 

columns. The row sets of two merged patterns are intersected and the column sets are joined to get all the length-2 patterns including 

the first column. Since there are only two patterns in each column that meet the support in Table 3, at most four new models will 

be obtained after the merging operation.  

 Step 3: All two bi-clusters in BS will be merged to get the bi-clusters of three columns. The satisfying bi-clusters beyond the 

support are added to. Because all the bi-clusters of two columns found in Step 2 include the first column, the merged bi-

clusters contain the first column either. Thus each bi-cluster in has its own return value. 

 Generate the Trading Rules:  

After all the bi-clusters with the constant values in columns have been obtained, which satisfy the row support threshold and 

contain the first column, the bi-clusters meeting the column threshold are selected as the effective predicting models. 

 

V. TESTING PHASE 

Another part of the historical data of the stock is set as the test data. Take Hang Seng index (HSI) as an example; the data from 

May 2nd, 2006, to April 30th, 2007, is set as the test data. The trend of the stock price for each trading day in a week is forecasted 

by the pre-generated trading rules. In addition, the new data is used to update the trading rules and weaken the influence of the 

historical data, like in stream mining. Next we will take the data on May 2nd, 2006, as an example to predict its stock price’s trend 

in a week and update the trading rules by the new data. 

 Predict: 

In order to forecast the trend of the stock price after the trading day, the daily data of each column is normalized firstly; then the 

matching degree with each transaction rule is computed. The index’s value of the trading rule and the corresponding indices’ value 

of this rule on this day are compared according to formula (4). Fig: 5 Predicts the trading day and the trading rule is: the higher 

matching degree between the trading day and the trading rule 

distance(i) = √∑
(vtd(j)−vrl(j))2

njj∈ST                  (4) 

Where ST is a collection of technical indices of the trading rule i; nj is the number of the technical indices of the trading rules i. 

Vrl(j) is the jth index’s value of the trading rules i , and Vtd(j)  is the technical indices’ values corresponding to the trading day. 
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Fig. 5: Flow Diagram of Testing Phase 

  The trading rules whose is less than the threshold are set as the reference trading rule set of the trading day, and the process of 

the trading decision is stated as follows. If there is only one trading rule, or the multiple trading rules have the same return, then to 

buy or sell the stock is decided by the return of the trading rule. When the return is 1, it suggests a purchase signal on the next 

trading day; if the return is −1, it suggests a signal to sell. If the return is 0, no action should be taken. If there are more than one 

trading rules satisfying threshold, and they do not have the same return value, then it is regarded as a classification problem to find 

the best trading rule and each trading rule is considered as a class. Each technical index of a transaction rule is assumed as a random 

variable which obeys the normal distribution. The best trading rule is selected by the minimum-error-rate classification of the 

Bayes decision theory under the assumption of the multivariate normal distribution. 

 Update the Transaction Rules Dynamically: 

It is believed that the most recent data affects the future stock price more than the historical data, which gradually reduces its 

influence as the time passes by. Therefore, the data stream is used to update the trading rules dynamically and weaken the influence 

of historical data. 

When the data on May 2nd, 2006, is acquired, the return in a week of the earliest day (April 24th, 2006) retained could be 

obtained. It is combined with the retained data into a complete record. The complete record is used to update the transaction rules. 

The data is normalized and quantized; then the matching trading rules are found and the row supports of the trading rules which 

match successfully are updated.  

For each of the trading rules, calculate the matching degree according to formula (4). If the value is 0, it shows that the day’s 

data exactly matches the trading rule, so the support of the trading rule adds 1. If there are several matching trading rules, then all 

the corresponding supports add 1. Finally, the total number of rows in the training data also increases 1. After the trading rules 

have been updated and the transaction decision has been made for May 2nd, 2006, delete the data of April 24th, 2006, and save 

the trading data of May 2nd, 2006. 

In order to weaken the influence of the historical data on the trading rules, the supports of all the trading rules are multiplied by 

an attenuation coefficient γ at the end of each month after the renewal of the trading rules by the month’s new data. Then delete 

the trading rules whose row support is lower than the row threshold with consideration that these rules would not recur and therefore 

would impact little on the future trading decision. The process is repeated until the end of the test. 

VI. EXPERIMENTAL RESULTS 

In order to evaluate the performance of the bi-clustering algorithm, a classic and simple stock trading strategy whose trading 

strategy is to buy the shares on the first day and sell it at the end without intermediate operation. The extended classical bi-clustering 

algorithm allows the processing of nonlinear structures as resulted in Fig 6.2. It provides a  
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Fig. 6.1: Previous Year Prediction Stock Value 

 
Fig. 6.2: Compared Bi-Clustered Stock Value 

Flexible Framework For Adjusting The Trading Rules To The Current Environment. The Integrated Fuzzy Logic And K-Nn 

Techniques Are Implied To Increase The Efficiency Of The Stock Market. 

VII. CONCLUSION 

Trading system is having more importance in the development of world. Technical analysts need to take right decisions related to 

trading system for making investments. The Proposed system is developed for analyzing and generating the trading rules. To 

implement such a system, the proposed Bi-clustering mining is used to generate effective technical bi-clusters. The mined patterns 

are considered as trading rules and can be divided in three trading actions (buy, sell, and no-action signals). Proposed Particle 

swarm optimization is applied for the optimization of trading actions. By these trading rules, it will be easy for investors to take a 

right decision related to trading system. 
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