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Abstract. The stock market domain is a dynamic and unprabliet

environment. Traditional techniques, such as furefdel and technical
analysis can provide investors with some toolsrfianaging their stocks and
predicting their prices. However, these technigeasnot discover all the
possible relations between stocks and thus thera meed for a different
approach that will provide a deeper kind of analyBlata mining can be used
extensively in the financial markets and help imcktprice forecasting.

Therefore, we propose in this paper a portfolio agment solution with
business intelligence characteristics.

1 Introduction

The main function of a stock market is the dealinfsstocks between investors.
Stocks are grouped into industry groups accordingheir primary business focus
(e.g. IT, Banks, Manufacturing). A transaction ig thilling of an investor to sell
some stocks and the request of another to buy them.

Each stock is not only characterized by its pricedtso by many others variables.
There is an interaction among all these variablesanty a deep study could show
the behavior of a stock over time. The main vargble shown in the table below.

Table 1.Stock Variables

Variable Description

Price Current price of a stock
Opening Price Opening price of a stock for a spetidding day
Closing Price Closing pri_ce of a stock
for a specific trading day
Volume Stock transactions volume (buy/sell)
Change Opening and Closing stock value difference

Change (%) Percentile Opening and Closing stoakevdifference
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Maximum price Maximum stock price within a specified time intelr¢@ay,
month etc.)
Mini , Minimum stock price within a specified time intetyday,
inimum price
month etc.)

Initial research in financial and stock tradinguiss lead to the identification of
some factors that are considered among expertflteince the price of a stock. At
first, it is a reasonable thought that the behawefaan investor depends on the size of
the owner company (blue chips-middle-small). Furitere, we could identify the
following influence factors:

Table 2. Possible stock price influence factors

Influence Factor Description

P/E factor Price per annual earnings
Volume How many dealings are taking place
Business Sector The sector in which a stock belongs
Historical Behavior Fluctuation of a stock overd¢im
There is a rule suggesting to “buy on rumors sell on
Rumors " . .
news” so that may cause some unpredictable bahavip
Book (Net Asset) The accounting value of a company
Value

Percentile difference of the stock price value aver

Stock Earnings period of time

Financial position The financial status of a company
of a company
Uncertainty Are there any unpredictable factors?

Obviously, all these factors cannot be easily medleind embedded in a tool,
since some of them are related with human psyclolog

Data mining has found increasing acceptance innkssi areas which need to
analyze large amounts of data to discover knowleggieh otherwise could not be
found. Temporal data mining provides some additi@aglabilities required in cases
where the evolution of the existing data and tlmeractions need to be observed
through the time dimension. The stock market isafrthem.

We propose a tool that collects stock data and @fbalyzing and interpreting
them, it will be able to act on the basis of thiegerpretations [1]. The capabilities of
this tool are based on temporal data mining patteemtracted from stock market
data. The ultimate goal of such a tool would beupport stock market traders in their
basic function, by suggesting possible stock matregting transactions, when strong
evidence of possible profit from these transactisrassailable. It should also take into
consideration the different types of users andr ttlearacteristics with respect to the
trading strategy that a certain user possessesddsign of such a tool proposed in
this paper consists of two specific parts.

In the monitoring part, the user is able to defateck portfolios, to view stock
price values over time of companies with similaarettteristics (e.g. same business
sector, price range, P/E etc.). Other functionalifieclude access to market and
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company news, ability of the user to define alestsich would be triggered on the
basis of specific events happening or not.

In the prediction part, the tool helps users toidkemn their stock trades. A
sequence mining algorithm is used in order to iflefrequently occurring sequences
of stock fluctuations and thus recommend some daating opportunities, based on
the extracted frequent patterns. However, the dhgoritself does not know what a
good opportunity is. Therefore, we need to defirterastingness measures that will
allow the proposed system to discover such oppiigsn based always on
parameters that represent the user’s trading gyratEhe development of such a
decision support tool introduces several challepg@search issues:

— The incorporation of user-defined parameters intosystem (preferences, orders)

— The pre-processing tasks that must be executedifil&ii of temporal hierarchies,
generalization)

— The range of event types that will be used by tgerghm

— The store of the patterns produced by the tempattal whining algorithm

— The evaluation of these patterns (the weight of eactable) and how the results
and the wuser defined parameters could affect the-pmrcessing tasks

(optimization, generalization using different laierhies)

The rest of the paper is organized as follows. gribxt section we give a brief
description of the temporal data mining researakaaand especially time series
analysis and sequence mining. Section 3 preseragsexmiew of the sequence mining
approach that is used in our proposed system.dbedtpresents the prototype under
development, describing its architecture and famatity. In section 5, we discuss
related work and present other research prototygiaally, section 6 concludes with
directions for future work.

2 Temporal Data Mining

Temporal data mining is a research field of growiimgrest in which techniques and
algorithms are applied on data collected over tilecording to Lin et al. [2],
temporal data mining “is a single step in the psscef Knowledge Discovery in
Temporal Databases that enumerates structures (tehmgadterns or models) over the
temporal data”.

Examples of temporal data mining tasks are classifin and clustering of time
series, discovery of temporal patterns or trendhéndata, associations of events over
time, similarity-based time series retrieval, tiseries indexing and segmentation. In
the stock market domain, temporal data mining caodtted play an essential role.
Identifying temporal patterns from the fluctuatiohstock prices is a very complex
problem. It is preferable to know the range of a@on in both stocks prices, the
period of time that this influence is likely to hpgm and also the statistical
significance of the discovered rule.
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2.1 Time Series

A sequence of continuous real-valued elements, agcstock prices is known as a
time series. Time series form curves and can reveatls through analysis, which
leads to a large potential for analytical studig®e identification of trends takes place
through the comparison of time series and the s&goof similar shapes between
them, based on a predefined and domain-specifisumeaf similarity.

A fundamental problem that needs to be addresstxtebany attempt of trend
discovery is the representation of the time seriElse direct manipulation of
continuous, high dimensional data in an efficiersyws extremely difficult. The
representation model selected, must also guardah&eompatibility between time
series, since there can be scaling differencegyapd within the series among others
that must be resolved before any similarity matghichnique is applied. Piecewise
linear transformation [3], Discreet Fourier Transfations [4] and Discreet Wavelet
Transformations [5] are some of the techniques tlaae been extensively used to
represent time series. The most common similarggsare used for the identification
of trends is the Euclidean Distance.

2.2 Sequence Mining

Agrawal and Srikant [6] introduced the problem dhimg sequential patterns from
commercial databases. Our centre of attention beilkestricted to the prediction of
stock price behavior. This is a typical area wheoé only events of buying and
selling stocks are interesting but also the sequefichem. It is considered that the
fluctuation of a stock price is the result of pas stock events (buying, selling).
Different events could lead to different pricesbSeguently, the idea is to predict
such behaviors in order help the investors to dp@nthe management of their
portfolios.

One basic problem [7], [8] in analyzing sequenckgwents is to find frequent
event type subsequences, i.e. collections of etygets that occur frequently with a
certain order and within specific time spans. ka ithlevant literature many algorithms
have been proposed giving different results. Thepgsed tool will use a novel
sequence mining algorithm which is presented in [9]

The sequence mining algorithm used in our proposstems is able to extract
statistically significant patterns of the form>B[t] (event type B follows event type
A within timet) from event sequences and focuses mainly on finttia optimat for
each of the extracted patterns.

3 Sequence Mining Approach

In the following paragraphs, some specific aspaontsa more detailed description of
the sequence mining approach used in our propgstehns are given.



Intelligent Stock Market Assistant using Temporal Dda Mining 5

3.1 Event and Event Sequence Definitions

In the literature [10], [11] there are differentfidéions of the event concept. We
could consider a given set R = {{A..., A, } of event attributes with respective
domains Ry, ..., Dam- An event e over Risa (m + 1)-tuple( a., a,, t), where a

€ Da and te N, being the occurrence time of e. An event sequénisea collection
of events over R. For example in the stock markth,deach event would refer to a
certain stock, the price of the stock and the tohehe transaction (i.e. we could
choose focus on days, weeks or months)

In this approach, a simplified model of events basn adopted. Each event has a
type and a time of occurrence. Therefore, giveraasck of elementary event types,
an event is a pair€, t ), where e E and te . An event sequence S is an ordered
sequence of events, i.e.:

S=(g,1), (e k), .. (& t)where gec Eandit<t, forallie {1,....,n=-1}.

We also assume in our simplified event model, gwents happen spontaneously
in time, i.e. they do not exhibit any duration. Mover, the idea of the same exact
event happening multiple times on the same time iarof no particular meaning in
our model.

Considering the event types A, B, C and D an exarplsuch an event sequence
would be:

S=(B,4),(D,6),(C,6),(A,8),(B,12D, 15)

3.2 Simple Frequent Pattern Discovery in Event Sequnees

The sequence mining approach used in the propostensyleals with the discovery
of temporal associations between pairs of evenesyip an event sequence. The
temporal aspect of these associations is that bleecevent types happens after the
other within a certain time frame. These correlai@re supported by statistical
measures, which denote the frequency of occurrehtigese associations within the
sequence. A real life example of such a temporsb@ation is like the following:
“On 77% of the times the IBM stock decreases by63the increase of Yahoo's stock
by 2.5% follows within 1 weekA formal description of the problem of finding such
temporal associations between pairs of event typegent sequences follows:

Let there be an event sequence S as defined inrédwiops paragraph, a user-
defined minimum frequency threshatun_freq and a maximum temporal difference
boundary AT, also defined by the user. Assuming that thera fiite set E of
different event types that are contained in thenewequence S, the proposed
approach discovers frequent patterns that belotigetpattern class shown below:

X 2> Y [ATs, ATg] Q)
Where X, Y are event types that belong to E ad’ { AT ] is a relative time frame,
within which Y happens after X with a frequeneynin_freq ATs, ATg are positive
integers WithATs < ATg< AT hax

As in [8], [10] we are not interested in an ‘abgelurequency, but rather in a
frequency relative to the LHS ( Left-Hand Side ) avigipe of the aforementioned
pattern class. Therefore, the frequehoy a pattern is defined as the number of times
the pattern occurs for a different occurrence ofdkjded by the total number of
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times X occurs in the sequence. Note also thdahalbccurrences of the pattern using
the same occurrence of X are counted as one.

4 The Prototype

4.1 Architecture

As a basis for an intelligent stock market asststaliowing the above requirements,
we propose the architecture presented in Fig. thiksection we will present the
components of the prototype.

The update component consists of a set of agentscanounicate with the web
sources to retrieve data and store them locally.dete format is not the same for all
the sources so there is the need for dedicatatietsources, agents. Obviously each
agent should check if the data have been alreadgte@ by another source so that
data consistency is guaranteed. The agents cachedided to update automatically
the data every business day. Finally, each agdhbwiresponsible for the cleaning
and preparation of the data before their storinpémain database of the system.

The ETL (Extract-Transform-Load) component consists eétaof tools that are
responsible for the preparation of the data befodata mining algorithm uses them.
Of course these tools depend on the specific dlgos hence each algorithm needs
its own tool. However, the first version of thiotawill use only one temporal data
mining algorithm.

The sequence mining algorithm that was used (datéangniengine component)
needs a specific input in order to run. The ETL conepbshould prepare a table in
the database with just two fields: Event descriptiBment timestamp. The Event
description represents the description of the evantthe event type that occurred on
the Event timestamp. The form of the results prodimethe algorithm istHS Event
Type 2 RHS Event Typed[Ts, ATg], Frequency.

The evaluation component is the intelligent parth&f whole system. It takes the
set of rules produced by the sequence mining dhgorand it tries to understand the
meaning of these. Specifically, it tries to addp tesults to the user’'s preferences
and needs and to provide suggestions. A major adskis component is to decide
whether a produced rule (pattern) strengthens banalready stored one. The tool
includes an algorithm which searches for equakpast(common LHS and RHS) and
decides to update or not the one that is alreadsedt In fact, there are three
parameters that should be test&ts, ATe and the frequency value.

The system includes a pattern warehouse where ttiernsa produced by the
evaluation component are stored. Each pattern dergfisnany events. An event can
be related with a stock transaction or with a défe type of event that the user can
introduce to the warehouse. The pattern warehousadyl includes some standard
events types: the volume of a stock, the open/cfas#uation and the high/low
fluctuation. Obviously, these types are relatedhwdt stock and this has been
represented in the pattern warehouse. Fig. 2 rept®s¢he pattern warehouse schema.



Intelligent Stock Market Assistant using Temporal Dda Mining 7

We have used the notation that is usually uselderdata warehouse representation.

A 4

monitoring [

—
Adgent 1 Aagent 2 Aaent N
Update
Stock Manager
market data
y
Data Data mining (Intelligent)
> preparation > engine »( Evaluation
(ETL)
A
Data Warehouse Patterns
> (OLAP) Warehouse
Stock Automatic

Market news
Web Service

A

> Reaction

Stock market
Web Servic

Fig. 1. Architecture of the System

Except of a pattern warehouse, the system couldiggodata warehousing
capabilities. Data warehouses are used to suppeintegration of many, distributed
data sources and the application of OLAP technoldggcision making needs
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aggregated, statistical data and not raw data dnatstored and used only for
operational purposes.

The “automatic reaction” component has been inclddeé more complete view
of the system. It could be a future characterigiigch will be based on alerts and
triggers that will act when some predefined eventsir.

Event_Hierarchy Event
Event_Level Event_Description
Event_Condition

Event_ID

Event_Pattern

Stock

Stock_Market

Category Event_ID
Stock Pattern_ID

‘ Time Granularity

Stock_Pattern Fact Table
Year
Stock Pattern_Description Quarter
Pattern_ID Time_ID Month
OpenClose_ID Week
| Volume_ID Day
HighLow_ID
Volume HighLow OpenClose
Volume_min HighLow_min OpenClose_min
Volume_max HighLow_max OpenClose_max

Fig. 2. Pattern Warehouse Schema

4.2 Functionality

This section presents the current main capabilitfale proposed prototype. There is
a main form (see Fig. 3) where the user can sekenaews, stock prices (imported
from Yahoo Finance Web Service [12]) and performuanber of operations using
either the menu bar or the tabs.

The user can create portfolios that contain stoedsriging to many different
business sectors of the stock market. Each porifolielated with monthly, weekly or
daily prices and a risk is specified for it. Useen select to view the stocks per
portfolio, per category (sector) of a portfoliopar category (sector). In any case, the
system will produce a chart that will show graphicéhe row data which are also
provided.

What-if scenarios analysis is an important pamnofiern decision support tools. It
provides the user with the capability to createtamsscenarios and to receive
answers to their questions. In the case of ourqwseg system, the user can create
scenarios that include the stock prices behavidradiner external events. An example
is “What will happen when the price of oil reaclies season highest?”.

The user can select to include some standard e{@ate/open fluctuation level,
high/low fluctuation level and volume level) or seraxternal events (elections, oil



Intelligent Stock Market Assistant using Temporal Dda Mining 9

prices). The formulated SQL statement is executeéhsigthe patterns warehouse
which includes the sequences of events producedhéyexecution of the main
sequence mining algorithm. After the executionh®f SQL statement the results are
presented in a user friendly tree grouped by tfferént stocks (or other event types).
Therefore, a user can ask what will happen whentetype A occurs and receive
categorized answers.

il
User Portfolio  StockMiner
news from Yahoo Business Stock prices
See all [ stap [ Stap

(Purtfolios rDataWarEhuuse r/Wha‘if rSuggesliuns rcumpanypruﬁle News ‘

[¥ Portfalio | makis2 hd ® Lastmonth () Lastquarter ) Other...
] Category i Graph | Rowdata | Compareto... |
Get Results

Get Details

Fig. 3. The main form of the prototype

The proposed tool is an intelligent stock marketistenst so it should provide
capabilities of suggesting to buy or to sell stodksrthermore, alarms are used to
remind users of these suggestions. Three majorrfaere taken into consideration;
the risk level, the buying price and the need fashc When the user asks for
suggestions then the stored patterns are examimkthase that are according to user
preferences are presented. Fig. 4 presents théaicaeof this capability.

If the user needs cash immediately then the sykteks for rules that determine
the fall of some stocks. The investors can sell shigk before it falls so that they
earn some more money. Of course the buying prioaldibe taken into consideration
and this is the reason why the investor is inforraedut the profit or the loss. In
general suggestions follow the formdtction + Stock +” because it will go” +
Fluctuation + “in” + [ 4T, AT].

The most intelligent capability of this system igptotect the investors from taking
risky decisions. A mechanism is used to examinesrguch as “When IBM goes
down 3% (event type A) then Oracle goes up 5% (etygre B) in 0-20 days”. The
obvious behavior of the tool would be to suggegh®users to buy Oracle stocks so
that when B happens they sell the Oracle stockgtedgain profit. However, during
the period 0-20, the stock of Oracle could have 3886 after A happened and then
earned 5% (so B happens). Obviously, this doesme#n that the investors make
profit. The system checks the historical prices edents the profit level to the user.

The last two tabs provide users with some additicaghbilities. In the company
profile tab, users can select a stock and viewthallother that affect (or are affected
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by) the stock price of this one. In the news taders can see market news from a
number of sources.

( Portfalios | Data\Warehouse | Whatif | Suggestions | CompanyProfile | News |

High

Risklevel [—————I7& [ Needfor Cash Update rules
et suamestions |

Suggestions Stock
Sell ORACLE hecause it will go down [1,2]% in [2 2] days
Buy IBM because itwill go up [0,1]% in [3,3] days

Alzrms Stock | Date | Remove

Sell ORACLE because it will go down [1,2]% in [2,2] days  |15/08/2004

Fig. 4. Suggestions

5 Related Work

Surprisingly, little work has been done on applyBegjuence mining techniques on
the stock market case study. However, there isteoflonterest in the database
community in time series data mining. A clusteraigorithm is used in [13], in order
to discover temporal patterns in financial datae Pnesented approach is concerned
with the analysis of the impact of trade-specifitd amarket-specific features on
trading styles in the T-bond futures market. Thadatalysis dealt with the values of
trade profit and the time until expiration.

The Worcester Polytechnic Institute runs ajemto [14] exploring temporal
associations in the stock market. The system usasl avcombination of the WPI
WEKA data mining system as well as an event ideatifon pre-processing module
implemented as an extension of an existing algworith

6 Conclusions - Further Work

In this paper, we have proposed an Intelligent IStdarket Assistant after having
investigated the area of sequence mining. The duveasion of the tool integrates a
sequence mining algorithm and has a pre-processid@ pattern evaluation part.
Future work could include the enrichment of therent tool and its expansion
with a component that will combine data mining aecdhnical analysis capabilities.
The core intention of a successful investor is telcérends in their early beginning
or to technically capture it when it is still inqgress. The aim is not to buy cheap
stocks but these that present an upward tenderftgr. & medium term interval and
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when the stocks that were bought start to preseloaward tendency, the investor
sells the stocks and earns profit. Technical argalyan provide the user with answers
about these tendencies. The answers are hiddere @hdnts; this is the philosophy of
technical analysis. In fact, technical analysisuf®s on the chart of a stock and does
not try to relate one stock with some others ineord discover some common or
correlated behavior.

Traditional technical analysis can be injected vi#bhniques and tools from the
area of data mining. The upwards/ downward ten@sncan be considered as event
types and be combined with others (e.g. announcsnabout dividends of shares,
Central Banks announcements). Investors need tw ko only that a stock will go
up but also how much will change its price and wttentendency will change.
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