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ABSTRACT

The research is based on FP-Tree algorithm for mining frequent phase sets that use hash tables and conditional
probability formula to get stock correlation rules between the ups and downs. Ten different China A stocks of a
quarter in 2013 are used for testing the FP tree method developed in this paper. The results show that there are
correlations in different categories in China A stocks using FP-Tree algorithm. The correlations found in this paper
can be used for the investors to make a decision. The algorithm proposed can be applied to stock arbitrage,
long-term buying and selling contracts, and composing investment portfolios.
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INTRODUCTION

Through a number of domestic and foreign stockyamaldistribution system research we found thatettzge few
researches using different stocks’ correlationialyge China A stock [1]. Especially stock negatogerelation
among the analysis is really rare [2]. Althoughréhare some researches for data mining which wse\fhiori
algorithm, these studies are not as efficient gseeted so that we chose the FP-Tree algorithm tcadeetter
correlation to study the correlation of differertti@a A stock. For example, the rise of China @hiha A stock
NO.601857) price may cause a decline of Water FistigChina A stock NO.000798). On the other halitina
Sinopec (China A stock NO.600028) and China Oitgriaise more than 80% in correlation. The coriaiat
between stocks is very important for the investm@ihie association probability of two or more stoakgrice
changes can be approximated as the correlatiorficent. This correlation coefficient can be usedbuild a
portfolio or to make some combination of non-sysiorisk minimization [3]. Furthermore, it is alaamaterial for
the investors or experts in financial area to ar&lpe stock market. By using the algorithm progddsethis paper,
they could get an appropriate ratio of investmet @sk which can be used for making a better tstazks.

RESEARCH METHOD

First, the stock analysis method in this paperratational database to generate the data, cleawdahehouse and
then separate transaction database from data wesehdVith the new transaction database, suppontedeg

generated for setting the corresponding item hetadde. Then FP-Tree is constructed through migtations to

get the smallest frequent item sets. The smaltesuent item sets stored in database are callsdttoonfidence
with relation method and construct hash table tdope statistical and computational calculationndlly, the

correlation rules can be acquired [7-8].

Analyzing results obtained through the correlatiates that can be seen as similar as the stocle mhanges
associated with the probability of the correlatmoefficient. According to Markowitz portfolio thegrthe results
can be used to calculate the optimal portfolio iforestors. At the same time it can be used to nimgnthe
non-system risk and put the revenue risk ratioht highest value. And for stock arbitrage, hedgiogg-term
buying and selling contracts, the results in thegpalso have important guiding significance.
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GENERATING TRANSACTION DATABASE

For data mining we need to export data from thealske to restore the data in the form of transacliben the
minimum support degree is set as Min-sup. Expodat have a certain format for the need of datangias
shown in Table 1. For example, a comma or a sigasetibetween every two stocks. Table 1 shows s@msaction
records representing risen stock in a day (Vankzhiha A stock NO.000002; ST Huaxin China A stock.8@010;
Sinopharm Unanimously China A stock NO.000028; Bm@ank China A stock NO.000001; Fountain China A
stock NO.000005).

Table 1: Typical transaction dataset

Vanke A, China Oil, ST Huaxin, Sinopharm Unanimgusl|
China Oil, Water Fisheries, Sinopharm Unanimoustyntain
China Oil, ST Huaxin, Sinopharm Unanimously
VanKe A, China Oil, ST Huaxin, Water Fisheries,&iharm Unanimously, Fountai
VanKe A,ST Huaxin, Fountain
China Oil, Huaxin, Fountain
VanKe A, ST Huaxin, Sinopharm Unanimously
VanKe A, China Oil, ST Huaxin, Ping An Bank, Sinapm Unanimously
VanKe A, China Oil, Ping An Bank, Sinopharm Unanimsly

=]

OBTAINING FREQUENT ITEM SET

Scan transaction database, order each stock hyefneg of occurrence and remove the stock whoseidrery less
than the preset minimum support degree Min-supedéds to scan the database twice in this prodeasssupposed
that default value of Min-sup mentioned above iar8] the frequency of occurrence of each stochkartriansaction
databases will be

{Sinopharm Unanimously:7, China Oil:7, ST Huaxinvanke A:6,
Fountain:4,Water Fisheries:2(deleted), Pingan Bdkleted)}.

After deleting the shares whose frequency is less the minimum support degree, the remaining isafirst
frequent item set, called as F1.

SORTING FREQUENT ITEM SET

The database is scanned again and data recordshroétheir shares should be ordered by F1. Dutirgprocess
those stocks which do not appear in the F1 wiltdmoved. After the scanning process, the arrang®dtris shown
below in Table 2.

Table 2: Sorted frequent item set

Sinopharm Unanimously, China Oil, ST Huaxin, Va#hke
Sinopharm Unanimously, China Oil, Fountain
Sinopharm Unanimously, China Oil, ST Huaxin
Sinopharm Unanimously, China Oil, ST Huaxin,Vanke=Auntain
ST Huaxin,Vanke A, Fountain
China Oil, ST Huaxin, Fountain
Sinopharm Unanimously, ST Huaxin,Vanke A
Sinopharm Unanimously, China Oil, ST Huaxin,Vanke A
Sinopharm Unanimously, China Oil,Vanke A

The selection of variables is based on the t te&tadent or F test of Snedecor for significancehef regression
coefficients. We used the same level of signifieafur the introduction and the exclusion of a Malean the model.
Two theoretical levels were retained: 0.15 and 0.05

FP-TREE CONSTRUCTION

First set the root empty during the start. Secanrt fsequent item list as a path for each recoturdrinsert a path
for each record into the FP-Tree. When insertirgs¢hpaths into the tree, the same part should \eremh The
counter of the covered nodes will be added 1 anctberded in the node. A new node will be consadidbr not
covered part and the counter for the node shoukkb# 1. During inserting process, F1 is insedagérequent item
header table. Each stock will point to the son tffahe FP-Tree in the same stock. At the same, teaeh son leaf
of a node in the tree should point to the rightnbhés son leaf of the FP-Tree in the same stockhdfleaf node
could not find the same leaf node of its right lstanthe node will be set to empty. Like searchingnking list,
every leaf in the tree can be traversed vertidatign frequent item header table F1.you can alst §irson leaf stock
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of the tree from F1 and traverse to the root ndtie. FP-Tree structure is shown in Figure 1.

Sinopharm
__————-{ unanimously [ ’
Sinopharm o\ ‘u‘
unanimously { i
ChinaOil: 6 ) e \
China Oil / ‘ ‘
ST Huaxin e

e -
Fountain |

Figure 1. Constructed FP-Tree object head

TRAVERSING FP-TREE

Find frequent item in FP-Tree. Every item in frequiéem header table is traversed and the eackrsad item is
called suffix pattern (post-model). All the corresgent nodes to current suffix pattern in the FEeTean be found.
Use them as starting points and the ancestralnmi¢s as end points. The traversal track of thesiotdthe process
from the starting point to the end forms the péttStarting point is M, the corresponding path iscaM. During
traversing the path, it is necessary not only tipoithe stock leaf node name but also to outpit guffix count. It
should also be noted that the output of each gaihld be reversed as from the end to the beginiagexample,
start from "VanKe A" to traverse FP-Tree, and tfiad every "VanKe A" node. Traversal path results as Table 3.

Table 3: " Vanke A" nodetraversal results

Sinopharm Unanimously: 1, ST Huaxin: 1, Vanke A: 1
Sinopharm Unanimously: 1, China Oil: 1, Vanke A: 1
Sinopharm Unanimously: 3, China Oil : 3, ST HuadnVanke A: 3
ST Huaxin: 1, Vanke A: 1

CONDITIONAL PATTERN BASE

The results can be found from the above tabledh path contains stock "Vanke A". That means "VafAkean be
omitted. The result obtained is called ConditioRattern Base (CPB). CPB obtained from the above tatshown
as Table 4.

Table4: " VankeA" CPB

Sinopharm Unanimously: 1, ST Huaxin: 1
Sinopharm Unanimously: 1, China Oil: 1
Sinopharm Unanimously: 3, China Oil: 3, ST HuadnST Huaxin: 1

The above conditions are used as the original binjeclel database. The FP-Growth algorithm is usa@turn to
recursive iteration in the third step. FP-Tree cdtiee is being constructed until the FP-Tree stmachas only a
single branch. All the nodes in the tree would bot and the suffix pattern is output at the dfaf. example, the
FP-Tree structure constructed this time is showin &sgure 2.
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Figure 2. single branch FP-Tree

There will be only one path found after the traméngrocess has been executed many times at thig. pali
combinations of the tree with its suffix patternnche output. If the current suffix pattern is He tbutput is
expressed as (3, X, H), (3, Y, H), (3, X, Y, H).cBaelement in this collection is a part of itemssethat we're
looking. At this point the recursion for this stagads.

With this algorithm in the above example all frequéem sets can be calculated. It is supposedttigaMin-sup
value is set to 3, the results using FP-Growth ritlym to execute recursive iteration are shownhia tollowing
Table 5.

Table5: Mining results of frequent item sets

Support
Degree
5 ST Huaxin China Oil
China Oil  Sinopharm Unanimously
ST Huaxin  Sinopharm Unanimously
China Oil ST Huaxin Sinopharm Unanimously
ST Huaxin ~ Vanke A
Sinopharm Unanimously Vanke A
China Oil Vanke A
ST Huaxin Sinopharm Unanimously Vanke A
Sinopharm Unanimously China Oil Vanke A
ST Huaxin China Qil Vanke A
Sinopharm Unanimously ST Huaxin China Oil VaAkg
ST Huaxin  Fountain
China Oil Fountain

Item sets results

(O8] (O] OV KOv] N SN N & |l HE | BN N6) ] Ho))

ASSOCIATION RULES

Association rules can be generated after the eticavaf all frequent items. It is necessary to explthe following
possibilities before describing the method of gatieg association rules. Suppose one frequentiggdy, B, C, D)
and its support degree is 3, then all proper sshsethe frequent item sets are bound in this fea¢jitem sets and
the support degree of the proper subsets are githate 3 or equal to 3. Mathematical formula cardbscribed as

().
sup port (proper subset of A) >= sup port (A) (@

Proper subset of every frequent item except theteomes must be calculated to generate correlatil@s. Assume
a certain proper subset of set | is M, the cori@fatules as well as its strength is shown in (2):

3 3 _ support(l)
PM=>(1=M)) support(M)

it P(M—>(1 =M))>=confidenc: , then M—>(I =M) s called association rules.
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RESULTS

During the data mining experiment, the first stepoi set up the correlation to up or down , and gt the mining’s
minimum support degree and the minimum changing. ratter submitting the above data, set up the min
confidence level. The last step is to calculatecieelation rule. The data used in the experine20 stocks data
of three months in China A stock to dig up coriielatetween rising and falling of the stock. Themart degree is
set 3 and the minimum changing rate is set 0.2. ddrdidence degree is set 0.4, which means thatmmim
probability is 40%.

The most important correlation rules are shownaser6. (Shenzhenye A China A stock NO.000006; Adlihina
A stock NO.000025; etc.)

Table 6: Major mining results

Stock Name Chang¢ Association probability Result
Shenzhenye A up 70.37% Shahe stock
Fountain up 65.38% China Merchants Propdrty
Teli A up 88.24% ST Zhongguan A
Shenkangjia A up 46.67% Linggi stock
Ping An Bank up 75% Shenwuye A
China Baoan up 87.5% *ST Zhonghua A
Guonong Technology up 86.67% Shahe stock
Shentiandi A down 85.71% *ST Zhonghua A
Baolilai down 71.43% Shenkangjia A
China Baoan down 43.75% Sinopharm Unanimougly

According to Table 6, the correlation rules canseen apparently. For example, Teli A and ST Zhoaggd's

association probability is 88.24%, which means ffelt A stock rises when ST Zhongguan A stock risesstly.

Baolilai's decline also seriously affects the Slkafia A. oppositely the association probabilitySifenkangjia A
and Lingqi stock is much less than 50%, which mehasthe correlation of the two stocks is weekin@Baoan
also has little influence to the Sinopharm Unanistpbecause that the association probability iy d8l.75%.

Investors can use the correlation probability tocwate the peak of the ratio of revenue and miskiarkowitz's best
investment formula. According the peak value gaitrerloptimal portfolio for trading and market cam d&cquired
correctly. In the meantime, the correlation rulas also be applied for the investors to find tHatiens of different
sectors and industries in stock market.

DISCUSSION

The priority of this research is to get the cottiela of the stock's rising and falling based onT#Ee algorithm. The
general correlation rules that are excavated frbm dlgorithm may bring some economic benefits. tdht&a
warehouse used in the experiment is constructest afeaning and sorting the original database da the
database is converted into the transaction datdbaskta mining. The stock’s correlation rules eatéculated from
the transaction database. The historical datahifiaCA stock data of three months are used to olites stock’s
correlation rules. This correlation results forafirtial speculation and traders holding are verymimggul. It can tell
us how to joint two different stocks to find theiorrelation for trading and how to predict the tteifhe most
important is that association probability can bpragimately regarded as the price movement reldigtween two
different stocks. The relation can be seen as &iyosorrelation coefficient, so that we can usarkbwitz
portfolio theory to calculate the optimal portfofir each investor. At the same time, it can alsa$ed to minimize
the risk of non-system and make the revenue rig reach the summit. The proposed algorithm pkaysmportant
role for not only stock trading but also futuresimess and hedging.

The correlation rules acquired based on the algoriproposed in the paper may help find some innanection
among different shares. The rules of various sastior different industries imply some inner relasibip. For
example, an oil company may have a negative cdioalavith auto industry. Through the stock assocratwe
could have a rough prospect of sector industrieiiffarent areas and find the underlying reasons.

Although the FP-tree algorithm is better than Agradgorithm on efficiency, it also has some batdeks [9]. Since
the construction of FP-Tree must be stored in mgmbis may make memory full if the data is toagr Through
analysis, FP-Tree includes depth and breadth. 8iigth of each data objects on FP-Tree determiredahth of the
tree. The data items contained in the databasendet the breadth of the object data. In addititwe size of
FP-Tree and support degree threshold also hastoredhip. The greater the support degree is,tadlsr the scale
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of FP-Tree posed is. The scale of FP-Tree can dsedeto some extend by increasing the support eegigut
constantly increasing support degree is not a godution to control FP-Tree scale. The solutiongasged is that it
should be output with direct recursion when thera single node tree branch. Server clusters earséd to share
memory pressure.

CONCLUSION

The algorithm to study the correlation betweenedéht stocks is developed in this paper. Basedhems$sociation
rule, Pareto optimal portfolio can be achieved.ome risk ratio can be set to the highest value. Jémerated
correlation rules that are excavated may be useplitte the investors to make a correct decisioBhimese stock
trading, futures business, and hedging. The aioel rules acquired based on the algorithm pragpas¢he paper
may help find some inner connection among diffeshares. Although it is based on data from Chirgtogk, the
proposed algorithm is not limited to China stockding but other countries. The algorithm can bdiaggor risk

management and futures trade in other countries.
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