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1. Introduction and aim of the study

Mining patterns in stock market data is one of the
hottest issues of data mining due to its commercial ap-
plications and possible financial benefits. Finding pat-
terns in stock data can help provide insight into mar-
ket behavior, buying or selling habits and co-movements
of stock shares. Numerous studies confirmed that there
are typical patterns in such data. For instance, it was
observed that larger stock items appear to lead smaller
ones and that, on global level, most of the world’s stock
markets are integrated [1, 2]. In general, the research
stream on stock market is focused on finding some char-
acteristics such as anomalies, regularities, and predictive
modeling [3]. The field of predictive modeling and fore-
casting can be characterized by data intensity, presence
of a noise, non-stationarity, unstructured nature, high
level of an uncertainty, and presence of hidden relation-
ships in data. Additionally, many factors may influence
the stock markets including political events, general eco-
nomic conditions, and traders’ expectations. Therefore,
predicting price movements on stock market seems to be
quite difficult.

Recently, data mining techniques have gained on im-
portance [4, 5] despite negative connotations due to its
far-reaching automation without insight into the nature
of the problem. Due to technological development in in-
formation technology and software abilities gathering suf-
ficient data on stocks traded by the hour and even by the
minute have become much easier. This trend is another
reason why data mining techniques have drawn the at-
tention of investors interested in predicting stock prices.
To improve the predictability of stock prices, previous
studies utilized various methods, such as neural networks
[6, 7] or support vectors [8]. Although these methods can
increase predictability, it is difficult to ascertain how the
results were determined and which factors have the most
impact on stock prices. Furthermore, great expertise is
required to use the result for investment purposes.

The analysis using the association rules allows people
to understand and to implement the results very easily.
Mining according to the association rules uncovers in-
teresting correlation patterns among a large set of data
items by showing the attributes that occur together fre-
quently with a given quality measures. From a technical
point of view, association rules are important classes of
regularities that may exist in databases. Since first intro-
duced in 1993 by Agrawal et al. [9], mining associations
have received a great deal of attention in different appli-
cations such as market basket analysis and e-commerce,
website patterns and clickstream analysis, survey data
analysis or gene expression data analysis.

In this research, we implement the association rules
to explore co-movements between stock items listed on
Warsaw Stock Exchange. We believe that to describe and
to understand market’s behavior, data mining tools are
more flexible in use than for instance the pricing models
based on finance theory, because the former seems to
be more effective for explaining market behavior without
making particular assumptions.

The main research goal of the study is to apply the
association rules to identify synchronous relationships in
WSE stock market data based on return rates. To prove
that the obtained rules are non-trivial and possess the
ability to generalize we also test the association on ran-
dom return rates data. The test procedure used in this
work is typical for experiments in physics, in which we
aim to prove the hypothesis by showing the evidence that
no relationships are present on random data.

2. Data characteristics

In this article we analyzed the stock items listed on
the main market of the Warsaw Stock Exchange (WSE).
Data included return rates and trading volumes from 04-
-01-1999 to 23-02-2012, which corresponds to 3300 trad-
ing days. We limited stock items only to companies, ex-
cluding bonds, options and indices, bearing in mind that
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over the years there was different number of companies
appearing on the WSE market. Figure 1 shows the num-
ber of assets traded each day. The fluctuations are due to
a number of companies which were not traded on certain
day (volume equal to null).

#of assets

Date [Year]

Fig. 1. The number of companies traded each day.

The total number of companies traded each day in-
creased from slightly above 100 up to about 390 on av-
erage. Every asset was traded from 22 up to 3300 days
(Table I). The companies traded less days are the compa-
nies that have just appeared on the WSE. No conclusions
can be drawn regarding their size. There are big com-
panies among relatively small ones. On the other hand,
the companies traded longer are the companies which
emerged on the WSE in 90’. These are mostly the biggest
companies listed on WSE.

TABLE I

The companies with the greatest and the smallest numbers
of trading days.

Name # of days Name # of days
KGHM 3301 BOWIM 22
MOSTALEXP 3301 SOPHARMA 22
MOSTALZAB 3301 ESTAR 23
PEKAO 3301 EUROHOLD 25
STALEXP 3301 GETBANK 25
SYGNITY 3301 OPERATERR 49
TPSA 3301 ZAMET 92
RAFAKO 3300 PGODLEW 95
INGBSK 3300 TOYA 99
ALMA 3300 NOVAKBM 99
ASSECOPOL 3300
BBIDEVNFI 3300
BUDIMEX 3300
DEBICA 3300

With the mean number of assets traded daily of 217 the
total number of prices analyzed was 698 897. The log-
-mean distribution of daily return rates is presented in
Fig. 2. It follows the well known log—normal like shape
with the exception of fat tails.
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Fig. 2. The log-mean distribution of the return rates
with the range of —0.008 to 0.008 selected (see the follow-
ing paragraph for explanation). The curve represents
normal shape.

For the purpose of analysis, special attention has
been made to define positive or negative return rates.
Prices and thus return rates fluctuate over time. More-
over, a distribution of return rates is always concen-
trated around zero. The return rates within the range of
[—0.008; 0.008] are called a tie and we are not interested
in it. So, we remove the tie from our data records. The
interval of [—0.008, 0.008] is proposed based on transac-
tion costs. Typical transaction costs for buying or sell-
ing stock items via internet for an individual investor
amounts to about 0.4% of the transaction value, hence
the 0.8% would cover at least these costs. Moreover dis-
tributions of the return rates are concentrated around
zero so the applied cut has also the purpose to exclude
the return rates, which are so small so they do not have
practical application.

3. Mining correlations with association rules

The association rules algorithms are used mainly to de-
termine the relationships between items or features that
occur frequently in databases. For instance, in market
basket analysis context, if people who purchase item A
also purchase item B, then we can say that there is a
relationship between item A and item B, and such infor-
mation can be useful for decision making. Therefore, the
aim of applying the association rules algorithm is to find
interesting relationships by analyzing data and use them
to support a decision making process.

The association rules are defined as follows [9]. We
take I = (i1,42,...,%m,) as the item set and D as a set
of transactions in a database in which each transaction
T represents an item set such that 7" C I. That is, each
item set T is a non-empty sub-item set of I. The associ-
ation rules are an implication of the form A — B, where
AcCI, BCIand AN B = ¢. The rule A — B holds in
transaction set D according to three popular measures:
support, confidence and lift.
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Support, denoted as Sup(A, D), represents the rate of
transactions in D containing the item set A. Support is
used to evaluate the statistical importance of D, and the
higher its value, the more important transaction set D is.
Therefore, the rule A — B has support Sup(A U B, D)
that represents the rate of transactions in D containing
AU B.

The other measure of rule A — B, called confidence
and denoted as Conf(A — B), represents the rate of
transactions in D that contain A and also contain B.

That is
Sup(A N B)
Conf(A — B) = Sup(A.D) (1)
In this case, Conf(A — B) denotes that if the trans-
action includes A, the chance that the transaction also
contains B is relatively high. Confidence is an estimate of
P(BJA), that is the probability of observing B given A.
It ranges from 0 to 1 and may be expressed as percent-
age. For the rules with the same confidence level, the
rule with the highest support is preferred. The rationale
is that the estimate for confidence is more reliable.

The confidence alone may not be sufficient to assess the
descriptive power of a rule. Rules with high confidence
may occur by chance. Therefore, we also investigated the
reliability of support and confidence (see Sect. 3.4). Such
spurious rules can be detected by determining whether
the antecedent item and the consequent item are statis-
tically independent [10]. This inspired a number of mea-
sures for association rule interest. One of them is lift,
defined as:

Lift(A  B) = confANB)

Sup(B, D) @)

Lift measures how far from independence are items A
and B. It ranges within [0, +00] and it is symmetric with
respect to antecedent and consequent items. Values close
to 1 imply that A and B are independent and the rule
is not interesting. Values far higher than 1 indicate that
the occurrence of A provides information about B. Lift
is a measure of co-occurrence and does not inform about
implication of the items.

Given a set of transactions D, the problem of associ-
ation rules discovery is to generate all transaction rules
that have certain level of minimum support (called Min-
Sup) and confidence (called MinConf). To explore as-
sociation rules we used Apriori algorithm [9] because it
is simple and easy to implement. Therefore, the prob-
lem of mining association rules was decomposed into two
steps [11]. The first step was to detect a large item set
whose support is greater than MinSup and the second
step was needed to generate association rules using the
large item set. Such rules must satisfy two conditions:
Sup(A U B) > MinSup and Conf(A — B) > MinConf.
For the purpose of our analyses we set the value of 2%
of the largest single item frequency for MinSup and 20%
for MinConf.

In our research, the aim of the analysis was to find in-
teresting associations among the transactional stock mar-

ket data presented in Sect. 2. More specifically, we aim
to perform the following analyses:

1. Mining association rules among the all stock items
on the main market that obtained day to day pos-
itive rate of return higher than 0.008;

2. Link analysis for WIG20 companies;

3. Mining the upstream and downstream relations
among the all stock items on the main market that
obtained day to day rate of return higher or lower
than specified interval [—0.008, 0.008];

4. Evaluating the statistical significance of the sup-
port and confidence.

The source data included stock items, trading dates
and closing prices. Therefore, in order to mine the as-
sociation rules the input data were prepared to indicate
positive rate of return on day by day basis. In the follow-
ing part of work, to measure upstream and downstream
relationships we transformed the data to have the status
of going up or down for all the stock items.

For convenience, we defined UP and DOWN flags to
indicate positive (greater than 0.008) and negative (less
than —0.008) return rates, respectively.

3.1. Mining association rules among the stocks
with positive rate of return

Based on the source table with transactions data
we prepared the dataset for the association analysis,
see Fig. 3.

DATE | STOCK_NAME |RATE_OF_RETURN]
[4JAN1233  BUDIMEX 1.0875

‘ Items removed because of the tie.

D4JAN1393 | BUDOPOL 0.9637 DATE | STOCK_NAME
DAIANTZ93  BYTOM 10222 04JAN1339  BLIDIMEX
D4JAN1S83 | BZWBK 1.0415 04/AN1333  BLIDOPOL
DAHANTS9S—EALATRAVA— O4ANTS3S  BYTOM
D4/AN1399  CDRED 1.0623 04JAN1S33 BZWBK
D4HANII09—EBENGR 1 04JAN1333 | CDRED
DAJANS33 | COLIAN 10963 04)8N1339 | COLIAN
Fig. 3. Illustration of data preparation for the analysis.

After completing the rule discovery the resultant rules
ordered by confidence have been summarized in Table II.
It was found that the biggest companies (mainly from
WIG20) formed the rules with the highest confidence
level. Based on that we can generalize that there is
high probability of observing in a basket some compa-
nies from WIG20 given the presence of other compa-
nies from WIG20. The association rules with biggest
confidence are between biggest banks and oil as well as
metallurgy companies: PKOBP, PEKAO, BZWBK, LO-
TOS, PKNORLEN, KGHM. It can indicate the inter-
-sector financials relations between companies as well as
intra-sector common market conditions. Noteworthy the
presence of the LCCORP which is the group of devel-
oper companies implementing investments in the largest
cities. The rule LCCORP = PEKAO may indicate the
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PEKAQO as the source of a potential credit. In fact,
PEKAOQO Pioneer Investments TFI (subsidiary company
of PEKAO) is the owner of more than 5% of the LC-
CORP shares. Presence of such rule opens way to fur-
ther analysis because such rule is probably not permanent
and reflects rather short time business relation. For in-
stance there could be hardly to imagine creation of such
rule in the recent years because of the bad condition of
developer sector of economy. The prices of apartments
and commercials are going down. The banks are not
interested neither in opening new credit lines nor keep-
ing current financing. The other potential credit/invest-
ment relation could be present in the case of observed
banks and other companies. However, those relations
are of longer term indicating a coming far further be-
sides simple credit of separate investments. The associa-
tion rule for LCCORP = PEKAO is present for slightly
more that 6% trading days, whereas supports of the rules:
PKOBP = KGHM (11.09%), PKOBP = PKNORLEN
(10.75%), PEKAO = KGHM (20.15%) are up to three
times bigger.

Top 10 rules with the highest confidence. TABLEIL
Conf | Support | Lift Rule

64.25 11.54 1.87 PKOBP = PEKAO
63.88 10.88 2.02 | LOTOS = PKNORLEN
62.39 19.75 1.65 | PKNORLEN = KGHM
62.10 10.57 1.65 LOTOS = KGHM
61.72 11.09 1.64 PKOBP = KGHM
61.25 6.51 1.62 LCCORP = KGHM
59.87 10.75 1.89 | PKOBP = PKNORLEN
58.69 20.15 1.55 PEKAO = KGHM
57.84 18.54 1.69 BZWBK =- PEKAO
57.83 6.15 1.69 LCCORP = PEKAO

The closer look at the rules ordered by lift (Table IIT)
enabled us to see that there are many rules with the very
high lift indicating strong associations among particular
stocks.

. . . TABLE III
Top 10 rules with the highest lift.

Rule
BOGDANKA = MIRBUD
MIRBUD = BOGDANKA

IPOPEMA = EKOEXPORT
EKOEXPORT = IPOPEMA
BOGDANKA = ENEA
ENEA = BOGDANKA
APLISENS = EKOEXPORT
EKOEXPORT = APLISENS
PATENTUS = EKOEXPORT
EKOEXPORT = PATENTUS

Conf | Support | Lift
42.08 2.33 6.28
34.84 2.33 6.28
40.51 2.39 5.81
34.35 2.39 5.81
34.43 1.91 5.68
31.50 1.91 5.68
39.20 2.09 5.63
30.00 2.09 5.63
38.89 2.12 5.58
30.43 2.12 5.58

The rules apply to the companies of a small size.
Namely, those rules are for instance BOGDANKA
and MIRBUD, IPOPEMA and EKOEXPORT, BOG-

DANKA and ENEA, APLISENS and EKOEXPORT,
PATENTUS and EKOEXPORT. Some of these relations
may have explanation: BOGDANKA is supplier of coal
for ENEA’s power plants; IPOPEMA “buy” recommen-
dations for EKOEXPORT in 2011; but majority of rules
are not linked through commercial or ownership relation-
ships.

3.2. Link analysis for WIG20 companies

In the research we also used so called link analysis,
which is mathematical and graphical analysis for high-
lighting the linkages between items of interest. In our
case, we use it to provide web-like graphs indicating the
strength of connections between the stocks from WIG20
with the positive rate of return, see Fig. 4. As the
measure of the general strength we used a normalized
count of all connections for the stock, ranging from 0
to 1. It was observed that the strongest relations were
formed by KGHM, PEKAO, BRE, BORYSZEW, TPSA,
PKNORLEN, and ASSECOPOL. These stocks may be
considered as the leaders driving the others when the up-
ward trend is present.

SYNTHOS
(0,55)

Fig. 4. Link analysis between the stocks from WIG20
with positive rate of return. The strength of the rela-
tionships for the stocks is presented in brackets.

3.83. Mining the upstream and downstream relations
among the stocks

To analyze the upstream and downstream relations
among the stocks we prepared data set according to the
scheme in Fig. 5. For this purpose the source data were
transformed to indicate the status of going up or down
of the stock prices in the respective trading days.

After completing the rule discovery the resultant rules
were ordered by confidence (Table IV). As previously,
it was found that the biggest companies (mainly from
WIG20) formed the rules with the highest confidence
level. What was interesting and most noticeable that
majority of the rules with the high confidence were those
with DOWN direction. There are no mixed rules (UP-
-DOWN, DOWN-UP) among rules with highest confi-
dence. That means one company “gives” its trend to the
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DATE | STOCK_NAME |RATE_OF_RETURN|

‘ Items removed because of the tie. ‘

04JAN1989  BUDIMEX 1.0875
04JAN1959  BUDDPOL 0.9697 DATE STOCK_NAME
04JAN1399  BYTOM 1.0222 04JAN1933  BUDIMEX UP

04JAN1939  BUDOPOL DOWN
04JAN1933  BYTOM UP
D4JAN1983  BZwBK ~ UP
04JAN1933 CDRED UP
D4JANT59 COLIAN  UP

04J4N1999  BZWBK 1.0415
DFANTES—EALATRAYA: 2l
04JAN1959  CDRED 1.0623
DadaM139—EaGNER———————————1
04JAN1993  COLIAN 1.0959

Fig. 5. [Illustration of data preparation for the analysis.

J

other. Most of the companies which participate in the
rules with highest confidence also appeared in the previ-
ous calculations. But this time we can see also the rules
related to decreasing prices.

Top 10 rules with the highest confidence. TABLE IV
Conf | Support | Lift Rule

65.72 11.97 1.97 PKOBP DOWN = PEKAO DOWN

65.33 2.97 1.84 PGE DOWN =- MIDAS DOWN

64.25 11.54 1.87 PKOBP UP = PEKAO UP

63.88 10.88 2.02 LOTOS UP = PKNORLEN UP

63.76 5.76 3.83
63.41 6.30 3.81
63.25 10.85 2.00
63.10 6.79 1.74
62.88 8.72 3.77
62.85 9.48 1.73

Top 10 rules with the highest lift.

AZOTYTARNOW DOWN = PETROLINV DOWN
CENTROZAP DOWN =- PETROLINV DOWN
LOTOS DOWN = PKNORLEN DOWN
ARMATURA DOWN = SKOTAN DOWN
LCCORP DOWN = PETROLINV DOWN
HERKULES DOWN = SKOTAN DOWN

TABLE V

Conf | Support | Lift

Rule

40.94 2.12 6.50
33.65 2.12 6.50
45.75 2.12 6.32
29.29 2.12 6.32
42.08 2.33 6.28
34.84 2.33 6.28
56.00 2.54 6.18
44.72 2.18 6.18
30.13 2.18 6.18
28.09 2.54 6.18

Taking into account the highest lift (Table V) we could
observe that there is strong association among particular
stocks but this is not necessarily due to some commercial
or ownership relationships between the stocks.

The biggest lift values exceed 6. That means: if the
first company in the pair has the indicated change of
the price, then the probability of occurrence of indicated
price change of the second company is more than 6 times
greater than in the case of uncorrelated behavior. The
majority of the rules are of the DOWN = DOWN type.
As previously, all the rules have rather small support,
which means those rules, with high lift are strong but
occur seldom (2-3% of trading days).

3.4. Reference distribution and statistical reliability
of parameters

In order to quantitatively check the strength of the
observed associations we used the comparison of the real

BOGDANKA DOWN = IPOPEMA DOWN
IPOPEMA DOWN = BOGDANKA DOWN
FERRO DOWN = MIRBUD DOWN
MIRBUD DOWN = FERRO DOWN
BOGDANKA UP = MIRBUD UP
MIRBUD UP = BOGDANKA UP
PGE DOWN = CHEMOS DOWN
KOV DOWN = MIRBUD DOWN
MIRBUD DOWN = KOV DOWN
CHEMOS DOWN = PGE DOWN

(

data to the reference one. The reference data have been
built by assigning to each company random daily return
rates from the set of return rates for all companies traded
on the same day. In this way we do not distinguish com-
panies. The only differences between companies are due
to different periods they were traded. Some companies
were introduced to WSE during boom and were traded
mostly during days when prices were going up. The other
companies have less optimistic history because of global
trend present during their appearance on the stock mar-
ket. Our reference data takes into account global trend
each day and any traded company has the same chance
appearing in the associated pair. The only differences are
due to statistical fluctuations.

In case of support, we can observe that it has similar
values for real and reference data up to the value of 11%.
This means that those values could have random nature.
However, beyond the value of 11% we observe system-
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atically increasing differences. The real data show val-
ues of support up to about 22% while for the reference
data it does not exceed 15%, see Fig. 6. That means
that the pairs of companies with the biggest values of
support, e.g.: PEKAO and KGHM, PKNORLEN and
KGHM, BRE and KGHM, BZWBK and PEKAO, BRE
and PEKAO form some patterns on real data but not
necessarily on random data.

25

u
%1489
Y2242 el

= [N
m =]
T T

=

sorted support (real data) [%]

25

sorted Support (reference data) [%]

Fig. 6. Support for association rules (X — reference
data, Y — real data).
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Fig. 7. Confidence for association rules (X — reference
data, Y — real data).

The similar behavior was observed in case of confi-
dence. Here, we can observe slightly lower values for real
data in the range of Conf € [30%;36%)]. The differences
are not too big and do not exceed 2%. However, when
confidence exceeds 36%, then again we can observe in-
creasing values for real data in comparison to reference
one, see Fig. 7. The differences are becoming bigger and
bigger up to the value of 60% as compared to 50% for ref-
erence data. Then the confidence for real data increases
sharply up to 66%. This indicates that the rules with
high confidence and high support form strong relations
which are not accidental.

Based on these experiments, we can conclude that the
rules, which exceeded the threshold of 11% for support

and 36% for confidence possess the ability to general-
ize. They reveal the real relationships among stock items
which did not arise from statistical coincidences.

We can also narrow the rules to these having very high
confidence and high support. Table VI contains rules
with confidence > 55% and support > 17%. Those rules
have very high values of both parameters, highly exceed-
ing values found in the reference data.

TABLE VI

Rules with confidence and support exceeding values in
reference data.

Conf | Support | Lift Rule

58.69 20.15 1.55 PEKAO = KGHM
62.39 19.75 1.65 | PKNORLEN = KGHM
55.57 18.75 1.47 BRE = KGHM
57.84 18.54 1.69 BZWBK = PEKAO
55.83 17.84 1.48 TPSA = KGHM
55.58 17.81 1.47 BZWBK = KGHM
55.50 17.57 1.62 | PKNORLEN = PEKAO

Again we observe similar rules between three banks
PEKAO, BRE, BZWBK and KGHM. The other group
consists of the rules between banks and between other
companies: BZWBK = PEKAO, PKNORLEN =
KGHM, TPSA = KGHM. There is also rule between
PKNORLEN and PEKAO stating that increase of prices
of PKNORLEN is associated with the price increase of
PEKAO.

4. Results and concluding remarks

In this paper we analyzed association rules in the WSE.
In opposite to the traditional approach based on the
measurement of linear correlations we adopt data min-
ing technique. That allowed us to study all companies in
the analyzed period of data at the same time. The associ-
ation rules with Apriori algorithm allowed us to discover
companies whose returns rates influence return rates of
other companies. The analysis was aimed to the discov-
ery of companies’ pairs, on the other words, to study bi-
lateral associations. We calculated values for commonly
used measures: support, confidence and lift distinguish-
ing association rules appearing most frequently. The
analysis was performed in four steps: (i) analysis of the
association rules between positive return rates; (ii) link
analysis for WIG20 companies with positive return rates;
(iii) analysis of the association rules between combina-
tions of positive and negative return rates; (iv) evalua-
tion of statistical significance of measured parameters on
reference data.

The results showed that the association rules allowed
finding the strongest relationships that occur in the data,
which in turn may help investors or those interested to
learn about stock market to gather and easily present
the knowledge of underlying patterns on the market. In
particular, the results can be summarized as follows:
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e We observed significant association rules among
positive return rates for some of the biggest banks,
oil and metallurgy companies. Typical confidence
was about 60% while support was ranging from 6%
to more than 20%. Some of these associations, like
LCCORP and PEKAO could be present due to the
credit relationship and real estate market condi-
tion.

The rules regarding banks and other companies im-
ply that positive return rate of the banks are ac-
companied by the positive return rate for the com-
panies.

Rules with the highest values of lift are formed by
relatively small companies. For those rules lift ex-
ceeded 6 but support was very small, of about 2%.
That means the rules are strong but occur rather
seldom. One explanation is that the rules are re-
lated to short-time relationships or due to the ex-
ternal random conditions.

Almost all rules with the highest lift are two-
-directional. In other words stock price increase
on one company is accompanied by price increase
for the other company and vice-versa, with similar
confidence level.

Some of the rules with high lift could be ex-
plained by business relations between companies,
e.g. BOGDANKA as supplier of coal for ENEA’s
power plants.

The rules with the highest confidence between com-
binations of positive and negative return rates are
mostly DOWN-DOWN or UP-UP. This appears
to be as one stock “gives” its trend to the other
within a rule. The majority are DOWN-DOWN
rules among them, so the rules seem to be stronger
during market declines. However, for PKOBP and
PEKAOQ as well as for LOTOS and PKNORLEN
we observe two-directional rules. That could be
due to the common market conditions or external
influences.

Taking into account the highest lift values within
the upstream and downstream relations we can con-
clude that, as previously, the rules are utilizing rel-
atively small companies. Some of them have been
observed for rules with positive return rates. How-
ever, the values of support are very small, thus the
rules occur very seldom.

The comparison of the real data association rules
with reference data with no non-statistical relations
between the stocks showed the differences for high
values of confidence and support. Noticeable in-
crease in values of the parameters for real data as
compared to the reference one are starting from
11% for support and 36% for confidence. The val-
ues of support amounted to about 20% for real data
and only up to about 13% for reference ones. Sim-
ilarly, the big differences were observed for largest

values of support. For the reference data its values
amounted up to 50% while for real data — up to
66%.

This means that the relationships (rules) discovered,
especially these with high lift and high support are
present in data and indicate strong relations which are
not accidental.

e The comparison on reference data showed also that
rules having up to 11% for support and up to 36%
for confidence were present both in real data and
reference data.

Association rules seem to be appropriate technique
for effective exploration of underlying patterns in huge
amount of data. This technique is often used in the fi-
nancial markets in the context of investment processes
automation. In order to avoid the technical aspects re-
lated to the system architecture and database require-
ments which in case of automation are important, in this
paper we rather focused on knowledge extraction from
the financial data. Nevertheless, the issue concerning
processes automation is an interesting proposal for fu-
ture research.
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