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Abstract

Business intelligence has an important role in effective decision making to improve the
business performance and opportunities by understanding the organization’s environments
through the systematic process of information. This paper proposes a novel framework based
on data mining technologies for making a prediction of business environment. We present a
business intelligence model to predict the business performance by using dimensionality
reduction as preprocessing data then applying Sequential Minimal Optimization based on the
Support Vector Machine algorithm to generate future data. To examine the approach, we
apply them on stock price data set obtained from Yahoo Finance.
Keywords: dimensionality reduction, stream time series, business intelligence predictive
analytics, knowledge management

1. Introduction
Business intelligence contains a set of ideas about methods and procedures in order to
improve business performances and decisions, using information from multiple sources and
applying past experience to develop an exact understanding of business dynamics. There are
two important issues of business intelligence, the first issue is gathering, analysis and
distribution of information. The second objective is supporting the strategic decision-making
process. In the technical view of business intelligence, it usually includes the processes or
applications and technologies for collecting, storing and analyzing data, and for providing
access to data to help management better business decisions.
Predictive analytics help organizations look forward then makes some decisions that
suitable for the future needs. The combined knowledge is used to take many activities that can
improve business management. Predictive analytics has a lot of techniques of data mining and
statistics that examine current and historical values to make predictions about future data. The
information is important to have decision-making. Time series predictive analytics become an
interesting and important research area due to its frequent appearance in many distinct
applications， especially in business intelligence.
In recent times, the increasing use of time series [4, 22] data has activated various
researches in the field of data and knowledge management. Time series data are described as
large, with high dimensionality and that needs continuous update. Moreover, the time series
data are usually considered as a whole instead of individual numerical fields. Time series
research includes these tasks such as indexing, classification, clustering and representation of
time series.
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Business intelligence (BI) is the process of transforming raw data into useful information
for more effective strategic, operational insights, and decision-making purposes so that it
yields real business benefits. We are interested in creating a business intelligence framework
with dimensionality reduction by matching predefined sample in order to reduce the number
of data points before applying the prediction techniques. It is a suitable approach for the
stream data environment, which supports of low prediction memory usage and high accuracy
of the future values. So in this paper, we intended a short introduction to BI with the emphasis
on getting historical data, then implement the reducing unimportant point technique of time
series stocks, apply prediction technique Sequential Minimal Optimization (SMO) [15, 30]
based on Support Vector Machine (SVM) [2, 27, 29] in order to get future data. The
experiment extracts and evaluates the accuracy of future values depends on the number of
history using for prediction. To attest the effectiveness of our approach we use the stock
closing price series sets getting from Yahoo Finance.
The paper is organized as follows. In the next section we present some related researches
to business intelligence with prediction analytics and the associated problems with time series.
Section 3 describes the proposed algorithm and pseudo-code design, clarifying the process of
testing and training prediction model. Section 4 then presents details of our approach
including these problems: getting and filtering data, preprocessing data by dimensionality
reduction and using historical data to predict future data. Section 5 presents the evaluations
for our approach. Finally we summarize and conclude this work in Session 6.

2. Related Work
Business intelligence refers to a management philosophy and tool that help organizations
manage and reﬁne business information to make effective decisions. The first meaning of
business intelligence is related to information and knowledge of the organization [23], which
describe the business environment. In additional, business intelligence is a systematic process
by which organizations achieve, analyze and distribute the info [13, 16].
The technology categories of business intelligence mainly include data warehouse or data
mart, On-Line Analytical Processing (OLAP), and data mining [17]. More specifically, data
warehouse or data mart [26] is the fundament infrastructure to save historical data, and data
mining is its main component to discover trends, identify patterns and analyze data, while
OLAP is the set of front-end analyzing tools. With regard to data warehouse and OLAP, we
can consider them as components for next-generation database systems. Comparing to
developing software packages, researchers in industrial informatics and enterprise systems
tend to be more interested in applying business intelligence in the industrial environment [23].
Based on the time series analysis, different mining tasks can be found in the literature and
they can be roughly classified into four areas: pattern discovery and clustering, classification,
rule discovery and summarization [4, 22]. Some research issues concentrate on one of these
areas, while the others may focus on more than one of the above processes. The fundamental
problem is how to represent the time series data [17, 25, 28]. Mostly, there are many kinds of
time series data related research, such as finding similar time series , subsequence searching
in time series [7, 21], dimensionality reduction and segmentation [28] .One of the common
approaches is transforming the time series to another domain for dimensionality reduction [19,
25] followed by an indexing mechanism. These researches have been studied in considerable
detail by both database and pattern recognition communities for different domains of time
series data.
Dimensionality reduction is the process of reducing the number of variables or points
under specific consideration. Dimensionality reduction is one of the most important
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preprocessing procedures for analyzing a stream time series environment. There are some
typical methods for time series dimensionality reduction in order to represent time series in
lower dimensional spaces including the Discrete Fourier Transform, Discrete Wavelet
Transform, Piecewise Linear Approximation, Piecewise Aggregate Approximation, Singular
Value Decomposition and Adaptive Piecewise Constant Approximation (APCA) [4, 12].
Time series are highly correlated data, so that, the representation techniques use a scheme that
aims at reducing the dimensionality of time series by projecting the original data onto lower
dimensional spaces and processing the query in those reduced spaces. This scheme is widely
used in time-series data mining literature. Some data points may contribute to the overall
shape of the time series while others may only have little influence on the time series or they
may even be discarded. These points are therefore more important than other data points in
the time series. Several approaches are based on important points such as Landmark points,
Extreme points and Perceptually Important Points (PIP) [5, 28].
One of the common statistical time series predictive analytics approaches is the
Autoregressive Integrated Moving Average (ARIMA) [9, 14, 18]. Box and Jenkins proposed
a general ARIMA model to cope with the modeling of non-stationary time series. In the past,
various approaches have been presented for time series prediction, including fuzzy-based
paradigm, neural-net computing model, neural fuzzy hybrid system, and others. Recently,
related works on predicting values involve hybrid techniques for example neuro-fuzzy system
with autoregressive integrated moving average. Mehdi et al proposed NFS-ARIMA [14] with
the new computational intelligence approach to have better performance for time series
prediction. Wong, et al., [20] suggested an adaptive time variant prediction model based on
window size of fuzzy time series. Joshi and Kumar [11] presented a fuzzy time series model
based on non-determinacy index by incorporating intuitionistic fuzzy sets.
Recent predictive analysis is developing in the direction of data mining and intelligence
computing. For data mining prediction techniques, Men et al. apply the Least Squares Support
Vector Machines [27] method based on time series to actual load forecasting. This
methodology based on time sequence can assure higher accuracy and faster convergence
speed as compared to the other traditional time series method and it also can discover the
global optimal solution. Yang, et al., [30] provide the approach of support vector regression
(SVR) based on the Sequential Minimal Optimization [15] algorithm to build the model and
predict single time series by mining computation.

3. Problem Statement and Definitions
The technical approach considers business intelligence as a set of algorithms and
techniques that supports the process of saving, recovery, manipulation and analysis of data
and information. However, in the overall view of our approach, there are two important issues
in this research. The first is the gathering, analysis and distribution of information. The
second is predictive analysis to support the strategic decision-making process.
Definition 3.1: A time series as a sequence of variables, x1, x2, x3 … xn, where the variable
xi marks the value taken by the series at the specific time point (yi). In the case, the total
number of data points in the time series is known in advance, this time series is called static,
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and that time series has a length n. If the data points are arrived at continuously, the value of n
represents the number of data points seen in the time series so far, which is, the so-called time
series streaming.
Definition 3.2: Stream time series is defined as a set of time series data, T1, T2 … and Tn ,
each time series Ti including m ordered points at the current timestamp (m-1), that is, Ti = {ti0,
ti1, …, ti(m-1)} where tij is the point at timestamp j in Ti.
Let’s assume that n stream time series only receive data after the timestamps m. Otherwise,
for each time series Ti, the future values tim, ti(m+1), …, and ti(m+F-1) fitting to timestamps m,
(m+1), …, and (m+F-1), respectively, arrive in a batch manner at the same timestamp (m+F).
At the period from timestamp m to (m+F-1), the system doesn’t know about F future values
in each time series.
Definition 3.3: Pattern matching in this research is implemented by sequential scanning in
order to find in the original time series stream which matched the pre-defined samples. Given
a query sequence Q(q1, … qi) and a set of data sequences P (p1, …, pj) extracted from a time
series dataset, we desire to recognize a subset of P that is similar to Q with conditions.
Definition 3.4: The predict error is defined as the difference between actual value and
predict value for the corresponding period (predict errort = actual valuet – predict valuei).
The accuracy of an n time series stream T1, T2…Tn will use the average of each time series.
The average is computed with the Equation (1), where Ei and n are the predict error and
number of time series stream.
n
1
(1)
E
Ei
i 1
n



Definition 3.5: We consider that business intelligence model is a framework for gathering
the historical data, filtering the necessary data and using them to predict future value. This
model helps to improve the performance of the organization.

gather and store data

pre-process data (reduce un-important points)

predict future data by training support vector
regression (sequential minimal optimization
algorithm)

evaluate prediction performance (using
statistical metrics)

Figure 1. Overview of proposed approach for business intelligence
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Gathering and storing data function
Repeat
Choose stock stream time series
Choose the time start/end
Save Ti= {ti0, ti1, …, ti(m-1)}
Until i = N
Preprocessing data function
define patterns for eliminating un-important points
for each time series stream Ti
eliminating un-important points
begin
for each time series stream Ti
if (the condition Ti[a:b] of matching is sastify)
choose points and eliminate others
end if
end for
end eliminating function
save preprocessing data T’i = {t’i0, ti1, …, ti(m-1)}
end of each time series stream
Prediction process (provide future data depend on history
data)
input: C, K(xi, yi) (Gaussian Kernel), kernel parameters,
epsilon
for each stock stream time series
(1) Initialize b and all ’s to 0
(2) Repeat until KKT [10] satisfied:
(2.1) Find an example e1 that violates KKT
(2.2) Choose a second example e2.
if that fails to result in change,
randomly choose unbound example.
if that fails,
randomly choose example.
if that fails,
re-choose e1.
(2.3) Update α1 and α2 in one step
(3) Compute new threshold b
end for
Evaluation prediction performance for decision making
choose the accuracy approach
compare the result with actual data

Figure 2. The pseudo-code of proposed algorithm
Business intelligence is the ability to perform all its capabilities and then convert them into
knowledge of an organization. Business intelligence technologies provide historical, current
and predictive prospects of business working performances. With our approach, the workflow
is shown in Figure 1, proposed pseudo code is in Figure 2 and the notations are in Table 1.
Our approach has four main procedures: gathering then preprocessing data, future prediction
and evaluation. The first procedure is data gathering form Yahoo Finance website, with this
step we choose the name of finance stock companies to get the historical data for a range of
time. The second procedure is data preprocessing and aims to reduce the un-important points
of stock stream. In this procedure, we apply the pattern matching with a defined pattern for
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each frame to reduce the dimensions. The following procedure is the training and testing of
the support vector regression to predict future values. In this process, we apply SMO based on
SVM in order to reduce the memory storage of dynamic programming. In the last one, we
evaluate the accuracy performance based on indicators of statistical methods.
Table 1. The symbols and their descriptions
Symbol
Ti

Description

Ti’

the ith time series stream after applying preprocessing data

n, p

the number of time series before and after preprocessing data

m

the number of data points in the stream (ti0, ti1, … ti(m-1))

H, F

the number of historical data used for prediction and predicted value

C

regularization constant of support vector machine regression

K(xi, yi)

Kernel function ( Gauss Kernel)

, 

Lagrange multiplier

Ti[a:b]

The subsection of Ti from a to b, ta,ta+1,…, tb

the ith time series stream (Ti,  {T1, … Tn} i=1..n)

4. Our Approach
4.1. Business Intelligence
Currently, most of the businesses have implemented business intelligence to improve their
decision making. Many business intelligence models are available and each model has
different type of requirement. In our approach, the term business intelligence can be
explained as a collection of approaches for gathering, storing, analyzing data that help users
to gain insights and make better fact-based business decisions.
Storing data is concerned with making sure the data are filed and stored in appropriate
ways to ensure it can be found and used for analysis. The advantages of modern databases are
that they allow multi-dimensional formats so we can store the same data under different
categories – also called data marts or data warehouse access layers.
We apply a single data repository that allows analysis over data. Gathering data can come
in many formats and basically refers to the automated measurement and collection of
performance data. Gathering data is concerned with collecting or accessing data which can
then be used to inform decision making. With this research in Figure 3, we gather stock price
data from Yahoo Finance website then filter the necessary data for the prediction period,. A
main problem of gathering data is making sure that the related data is gathered in the right
way at the right time.
The next component of business intelligence is analyzing the data. Here we take the data
that has been gathered and inspected, transformed and modeled it in order to gain new
insights. Data analysis comes in many streams, we consider both quantitative and qualitative.
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stream 1
stream 2
stream 3

source data
website

filtering
data

historical data

...
stream n

Figure 3. Gathering, filtering and storing data
4.2. Reducing points by matching sample
With the aim of making less time and memory for implementing the framework, we apply
the pattern matching technique [6] for reducing some points of time series data, these points
are called unimportant points. Suppose that the original time series Ti changed to Ti’ after
matching and eliminating some points. Our method for choosing and eliminating points is not
only based on the fluctuation parameter v but also the time duration parameter t. The v is
defined as the average of these value points in time during. The time duration parameter is
defined as a sliding window with equals the number of successive points, t = w = 5 as in the
Figure 4.
Value

w

w

w

Stream data
Time

Figure 4. Example of pattern matching width w = 5 successive points

(A)

(B)

(C)

(D)

(A’)

(B’)

(C’)

(D’)

Figure 5. Samples for matching and reducing points
In a stream environment with the solving many time series streams, for a given time series
Ti = {ti1, ti2, , tim}, a window in the examination process of time series Ti is defined at time
period j of the ith stream with the width w. The changes (decrease or increase) are shown in
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the Figure 5. There are four cases which satisfy both t and v parameters, it means we
consider both specific of the fluctuation and time duration. Our strategies for eliminating the
points that are not important are shown in detail on the Figure 5. To explain more about our
solution, we supposed that the sliding window had 5 successive points pF, p2, p3, p4, pL and we
examine check if p3 < average of (p2, p3, p4) and ((p2 < p4) or (p2 >p4)) then we keep pF, p4,
pL and eliminate p2, p3. And another checking is satisfied if (p3 < average of (p2, p3, p4) and
((p2 > p4) or (p2 < p4)) then we keep pF, p3, pL and eliminate p2, p4.
4.3. Stream time series prediction
First, SVM estimates the regression of a set of linear function that are defined in a high
dimensional feature space. Second, SVM carries out the regression estimation by risk
minimization, where the risk is measures using Vapnik’s -insensitive loss function. And
SVM implements the structural risk minimization principle which minimizes the risk function
consisting of the empirical error and regularized term. Given the training sample set {(x1,
y1), …, (xN, yN)} (xiXRn, yiYR), where Rn is the space of input sample, R is the space of
output sample, N is the total number of training samples.
The fundamental idea of support vector regression [27, 29, 19] is to map the vector x (input
vector) into high dimensional feature space by nonlinear mapping function Φ and then to
perform linear regression in the feature space. This transformation is realized by Kernel
function K(xi, yi) =Φ(xi)⋅Φ(yi). Kernel function may be Gaussian, polynomial or neural
network non-linearity. If Kernel is linear, it can be written as follows:

f  x   w .  x   b

(2)

Φ：χ→ H ，wH, b is a threshold value. The Φ(x) represents the high-dimensional feature
space which is nonlinearly mapped from the input space. It depends on the way we choose
Kernel parameters, the predicted result also evaluated by statistical metrics.
The goal is to find an optimal weights w and threshold b as well as to define the criteria for
finding an optimal set of weights. The coefficients w and b are estimated by minimizing
Minimize:

E w 

N
1
2
w  C  i   i* 
2
i 1



(3)

SVMs have been applied successfully to both classification and regression tasks. Support
vector machine has many ways to optimize the quadratic programming, SMO is the best way
to resolve that problem. The reason we applied the prediction with SMO is the performance
reducing satisfaction, SMO algorithm just calls the kernel matrix iteration, therefore the
performance is improved significantly. This implementation will reduce the main memory at
run time.
The prediction using the SVM algorithm makes the operation speed a bit slower in a big
data set environment. Particularly in our approach, the stream time series environment with
many time series streams T1, T2, ..., Tn with Ti= {ti0, ti1, ti2, ... ti(m-1)}, if each one of the time
series puts its own kernel matrix into the main memory, the primary memory will be overflow
easier.
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SMO is an iterative algorithm for solving the optimization problem of the SVM. In general
SMO algorithm implements the dividing problem into a series of smallest possible subproblems, which are then solved analytically. Because of the linear equality constraint
involving the Lagrange multipliers, the smallest possible problem involves two such
multipliers. Then, for any two multipliers  and  *, the constraints are reduced to:
0   , *  C

(4)

y1  y1 *  k

where C is an SVM hyper parameter and this reduced problem can be solved analytically. Our
algorithm proceeds several steps as follow:
1. Kernel function will be chosen as a Gauss Kernel function.
2. Choose the C and 
3. For each time series:
Step 1. Find out the first Lagrange multiplier  that violates the Karush-Kuhn-Tucker
(KKT) [10] condition for optimization the problem.
Step 2. Select the second multiplier *, then optimize the pair of multipliers (, *).
Step 3. Repeat the steps 1 and 2 until convergence.
At the time two Lagrange multipliers, , * satisfy the KKT conditions, it has meaning that
the problem has been solved. Although the SMO algorithm is guaranteed to converge,
heuristics are used to choose the pair of multipliers to accelerate the rate of convergence.
We select the first Lagrange multiplier by using the external loop of the SMO algorithm to
enable the Lagrange multiplier to optimize. Choosing the second Lagrange multiplier is
according to maximizing the step length of the learning during joint optimization. |E1 - E2| is
used to approximate the step size in SMO [15, 30].
Support that K(xi, yi) =Φ(xi)⋅Φ(yi). Kernel function is known as a function of the input
space. Accordingly, the dot product in the feature space is equivalent to the Kernel function
of the input space. Thus, instead of directly to the value of the scalar product, we made
indirectly through Kernel function. For the stock data a non-linear transformation, nonlinear
Gaussian function (RBF-Radial Basis Function) can be chosen as the Kernel function.



K xi , yi   exp   xi  yi

2



(5)

4.4. Predictive analysis evaluation
Prediction accuracy is the technique to measure the exactness of predictive analysis. An
obvious way to assess the quality of the learned model is to see on how long term the
predictions given by the model are accurate. The objective of prediction system is to
efficiently predict the n.F values for the n time series streams with the predict error as low as
possible and the accuracy as high as well.
We use statistics to evaluate the simulation effect and predictive validity of the prediction
model. The prediction performance is evaluated using the following statistical metrics,
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namely, the normalized mean squared error (NMSE), mean absolute error (MAE). NMSE and
MAE are the measures of the deviation between the actual and predicted values. The smaller
the values of NMSE and MAE, the closer are the predicted time series values to the actual
values (a smaller value suggests a better predictor) [1, 3, 24].
In order to ensure the accuracy of prediction results, the model must be evaluated
accurately and its performance generalized before it can be used to predict. The
prediction error is defined as the difference between the actual value and the predicted
value for the corresponding period. In this paper, the accuracy of n streams time series
T 1 , T 2… and T n will use as the average.

5. Experimental Evaluation
5.1. Experimental Environment and Dataset
The experimental dataset used the financial stock time series data. In the ga thering
data process we filtered then stored daily closing stock prices from Yahoo Finance
(http://finance.yahoo.com). The experiments were implemented on Windows XP
operating system with a 2G AMD PC and 2 GBs of main memory.
We tested our approach with six different stock companies (HBC-HSBC Holding plc,
UN-Unilever NV, MSFT-Microsoft Corporation, AIG - American International Group,
Inc., HMC-Honda Motor Co. Ltd., SYMC-Symantec Corporation, PEP-Pepsico, Inc.)
and 189 stock ticker’s daily closing price during the time from 01 January 2012 to 01
October 2012. After the preprocessing process we implement the training and testing
sample in order to predict future values.
5.2. Experimental Results and Analysis
This section talks about the experiments and results in this research to evaluate the
proposed framework. Our discussion is managed in the following three directions: the
gathering and storing historical data, the reducing points by matching predefined
samples and the prediction future values. Our works implement and evaluate SMO
regression on financial stock data, we use the short-term prediction with daily data.
In the Figure 6, we present the historical data which took from Yahoo Finance. With
financial stock data, standard deviation is a representation of the risk associated with pricefluctuations. Hence with low standard deviation indicates that the data points tend to be very
close to the mean value, and with high standard deviation indicates that the data points are
spread out over a large range of values. For these reasons, the Table 3 provides common
statistical of daily stock prices of 6 different companies, the standard deviation of our testing
daily stock streams are low, so the predicted values more accurately than other cases. The
Figure 7 shows the data after eliminating some points by matching predefined samples. It
seems after the preprocessing process, the time series stock companies still keeps the shape of
the original trends.
The second experiment, we employ daily observations of difference closing stock price
streams covering the period 01 January to 01 October in order to predict future values for next
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7 days. To evaluate the prediction process, we must use some statistical method. Note that,
the characteristics of financial data are data over time except weekends and some special days.

Figure 6. The historical data obtained and filtered from finance website
The mean absolute percentage error (MAPE) measures the accuracy of fitted time series
values. It expresses accuracy as a percentage. The mean absolute error (MAE) is the average
of the absolute value of the error. The effective improvement in prediction output growth by
basing on stock price changes is indicated by lower MAE and MAPE. Table 4 shows both
results of MAE and MAPE values in each step-ahead. Each step, MAE is calculated by sum
of (observationi - predictioni)/the number of training data sample. Support vector regression is
based on the structural risk minimization (SRM) principle which looks for the minimize an
upper bound of the generalization error rather than minimize the empirical error implemented
in other methods. Based on SRM principle, support vector regression will have an optimum
network structure by striking the right balance between the empirical error and the VCconfidence interval.
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Figure 7. The data after eliminating points by matching predefined pattern
Table 3. Statistics of daily stock streams for prediction
Stock
Stream

12

Mean
Min

Max

UN

30.79

36.35

MSFT

26.77

AIG

Standard Deviation

After
preprocessing

Original

After
preprocessing

33.608

33.569

1.207

1.214

32.85

30.428

30.45

1.204

1.183

23.54

35.02

30.431

30.489

2.925

2.912

HMC

30.21

39.2

34.125

34.015

2.411

2.333

SYMC

13.18

19.2

16.661

16.638

1.634

1.625

PEP

62.28

73.58

67.922

68.007

3.051

3.011

Original
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The size of the test set is typically about 20% of the total sample, although this value
depends on how long the sample is and how far ahead we want to forecast. With time series
predictive analysis, one step predicts may not be as relevant as multi step predicts. First we
select observation ith for the test set, treat the remaining observations as the training set,
compute the error on the test observation. We repeat the first step N times with i = 1, 2, ..., N
where N is the total number of observations. Then we calculate the accuracy measures of
prediction based on the errors obtained. The SMO algorithm has several input parameters
such as complexity C, kernel function, kernel parameters and epsilon. Kernel function used in
the experiment is Gaussian RBF. With this experiment we used difference complexity
parameter C, the result of six steps ahead is shown in Table 4. In the Table 5, we present the
accurate evaluation of first step-ahead of six stock companies and the average of accuracy
error as Equation (1).
Table 4. The measurements of six steps ahead with different of support vector
regression parameters of MSFT stock closing stream
Step ahead

1st

2nd

3rd

4th

5th

6th

N

151

150

149

148

147

146

MAE

0.3913

0.4601

0.5135

0.5542

0.5813

0.6092

MAPE

1.284

1.5092

1.6839

1.8166

1.9047

1.9955

MAE

0.3918

0.4626

0.5177

0.5606

0.5886

0.6167

MAPE

1.2861

1.5181

1.6981

1.8384

1.9296

2.0213

MAE

0.2947

0.3984

0.4489

0.4752

0.4974

0.5122

MAPE

0.9672

1.306

1.4707

1.5551

1.6266

1.6745

C=1.0 and  = 0.01

C=10.0 and  = 0.001

C=10.0and  = 0.01

Table 5. The accuracy evaluation of first step-ahead (C=1.0 and  = 0.01)
MSFT

HMC

SYMC

AIG

UN

PEP

E

MAE

0.3913

0.5971

0.3122

0.6495

0.3955

0.5957

0.4902

MAPE

1.284

1.7472

1.9363

2.103

1.1849

0.8811

1.5227

In the Figure 9, we show the predictive value of our approach and the actual value
retrieved from Yahoo Finance. This figure includes one line of actual value, two lines of
predicted values which different parameters of the SMO algorithm based on SVM [2]. If the
larger parameter C of SMO, predicted values and the actual values are nearly identical in a
short term prediction.
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Figure 8. The historical values and future values which computed by SMO with
parameters C= 1.0 and  =0.01

Figure 9. The comparison of actual values and predicted values
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6. Conclusion and Future Work
We have studied the problem of time series environment for supporting business
intelligence with these tasks: gathering, filtering and storing then preprocessing before use
them for prediction purpose.
This paper proposes a framework about stream time series for supporting business
intelligence. The prediction future values used the SMO technique based on the optimization
of support vector regression and provided the evaluation indicators of accuracy and
generalization. We also reduce the large historical data to a smaller data set of matching
predefined samples so our performance improves noticeably. After the reducing points
method based on the pattern matching predefined samples, the time series generated by our
approach still keeps the shape of the original trends. The approach has a meaningful in the
environment where the data set is large. Therefore, we applied this work on the stock price
data set obtained from Yahoo Finance.
In the future, we propose to provide the complete system for continuous time series. In
addition, we plan to extend the current work towards a system pattern discovery, such as in
similarity search and finding motifs techniques in the stock time series data.
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