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tion/knowledge is deemed important for decision support, which is nowadays one of the
key issues in business intelligence. This paper presents the notion of multi-temporal pat-
terns with four different temporal predicates, namely before, during, equal and overlap,
and discusses a number of related properties, based on which a mining algorithm is
Multi-temporal pattern designed. This enables us tq effectively discover 'multi—tempor;f\l patterns.in large-scale
Association rule temporal databases by reducing the database scan in the generation of candidate patterns.
Associative financial movement The proposed approach is then applied to stock markets, aimed at exploring possible asso-
ciative movements between the stock markets of Chinese mainland and Hong Kong so as to
provide helpful knowledge for investment decisions.

© 2009 Elsevier Inc. All rights reserved.

Keywords:
Data mining

1. Introduction

In recent years, discovery of association rules [1,3,14,19,21,31] and sequential patterns [2,5,6,11,12,15,20,23-26,32,34]
has been a major research issue in the area of data mining and knowledge discovery. Typical association rules usually reflect
related events occurring at the same time, and sequential patterns represent commonly occurring sequences that are in a
time order. However, real-world businesses often generate a massive volume of data in daily operations and decision-mak-
ing processes, which are of a richer temporal nature. Especially in financial markets (e.g., stock markets), the temporal nature
of data is a key factor in understanding the dynamics of markets. For instance, stock A’s price increases during the period
when stock B’s price decreases. Stock C's price increases before the Market index increases. The exchange rates of USD/
CNY and USD/HKD change in the same/equal period. Usually, these patterns may not appear in 100% of the cases, but suffi-
ciently in a frequent and significant manner. Apparently, such temporal relationships (e.g., during, before and equal) are cer-
tain kinds of the real-world semantics that are considered meaningful and useful in practice. If the hidden temporal patterns
in massive financial databases could be effectively discovered, then the dynamics of the financial markets could be well de-
scribed. In fact, finance is one of the fields where data mining methods have been widely adopted to support decision-
making.

Generally, temporal relationships between events with different time stamps could be categorized into several types in
forms of temporal comparison predicates such as after, before, meet, overlap, during, start, finish and equal [4]. Though recent
years have witnessed certain efforts in discovering the after/before relationship [2,8-10,24,26,36], the investigation of other
temporal relationships is still badly needed. A few explorations in this regard then include finding temporal relationships
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with time-interval-based events by Rainsford and Roddic [29], Hoppner [13], Giannotti et al. [12], Winarko and Roddick [32]
and Wu and Chen [34], with mutually delayed events by Yu and Chen [35], with during-events by Zhang et al. [37], and other
extensions [15,20]. These discovered temporal patterns are, however, represented in single predicates, such as during. The
effort in discovering temporal patterns with multiple predicates (e.g., both during and before) is still quite limited [5,7,18]
but worthy (e.g., stock A’s price increases during the period when stock B’s price increases, where stock B’s price increases
before stock C’s price increases), and open for in-depth exploration.

This paper is organized as follows: Section 2 will introduce some preliminaries of temporal databases, temporal predi-
cates, multi-temporal patterns as well as the concepts of degrees of support and confidence. Some properties of multi-tem-
poral patterns will be discussed in Section 3. Based on the notions and properties of multi-temporal patterns, the mining
algorithm will be proposed in Section 4. In Section 5, the proposed algorithm will be applied to Chinese mainland and Hong
Kong stock markets so as to test possible associative movements between these two markets.

2. Multi-temporal patterns

Objects in the real world (e.g., people, machines, plants, etc.) can be represented by their attributes. A value of an attribute
for an object reflects a feature state of the object. In other words, we may use a triplet s = (0, a, v) to represent a state, where
o0 is an object, a is an attribute of o, and v is a value of attribute a. For example, such a state may look like (stock A, price,
increase ).

In many cases, a state takes place in a certain time interval, which is called an event denoted as e, and can be represented
using another triplet e = (s, st, et), where s is a state, st is the start time of the state and et is the end time of the state. For
instance, with s=(stock A, price, increase), e=(s, 1,3) means that “stock A’s price increases in time interval [1,3]".

Suppose S is a set of n states, i.e.,, S = {s1,S2,...,5,}. Each state s;(s; € S,1 < i < n) can correspond to several events, ej,
where j =1,2,...,m;. Then a temporal database, denoted as Dr, can be represented as a set of events sorted by start time
in an ascending order. Table 1 illustrates an example of a temporal database Dr.

Definition 1. For an event e, and its time interval (st,, et,), given a pre-set time lag called window, then Ca=[st,, et4+window]
is defined as the window constraint of e4. Given another event eg, if stg € C4, then ep is called to satisfy the window constraint
of e,.

Window constraint is used as an interestingness measure, since if two events are far apart from each other to some ex-
tent, then these two events will not be regarded associated semantically. This constraint is quite useful in many situations
[9].

Definition 2. Given two events, e, and eg, with corresponding time intervals (sta, ets) and (stg, etp), respectively, then these
two events are called to compose a temporal instance if they are connected by one of the four temporal predicates (i.e., equal,
before, during or overlap) as follows:

(1) If sty = st and ets = etp, then e, equal eg;

(2) If 0 < stg — ety < window, then e, before eg;

(3) If stz < stp < ety < et OF St < Sty < ety < etp, then e, during ep;
(4) If sty < stp < ety < etp Or Sty < St < ety < etp, then e, overlap ep.

Notably, equal, before, during and overlap are considered to be the most popular temporal predicates [4]. For simplicity, we
will denote equal, before, during and overlap as E,B,D and O. Then a temporal instance between two events e, and ez can be

denoted as ¢ := eA:R>eB, where R is a temporal predicate, i.e., R<€ {D,B,0,E}. For example, in Table 1, we have

D B (0]
€31 = €11,661 = €22 and €62 = €42.

Furthermore, due to the fact that a temporal instance reflects a certain temporal relationship between two states (e.g., s;
and s;), finding whether such a relationship holds in other temporal instances is of great interest, as this relationship repre-

Table 1

An example of a temporal database Dr.
Event State st et Event State st et
e S1 1 5 es S3 33 38
€31 S3 1 4 €62 S6 34 39
€51 Ss 2 10 €42 S4 25 37
€1 Sz 2 8 esy S5 27 42
€61 S 2 5 €3 S2 28 32
€22 S 4 6 €12 S1 30 40
€41 S4 3 7

€33 S3 30 38
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R R . . . R
sents a temporal pattern s; = s;. Concretely, for a temporal pattern s; = s;, if there exists a temporal instance, e.g., e;, = ejq,
where e;, and ej, are the events with respect to s; and s;, respectively, then we call the temporal pattern s; £ s to be supported

. R . o . o (0]
by the temporal instance e;, = ej;. For example, in Table 1, the temporal pattern s; = s, is supported by eq; = €51, €11 = ez,

(0] . . .. .
and e;; = e,3. Thus, from the viewpoint of data mining and knowledge discovery, only the temporal patterns frequently sup-
ported by temporal instances will be discovered as useful patterns for decision-making.

Definition 3. Given a set of n states S, e.g., S = {51,532, ...,5x}, and the set of temporal predicates {D, B, O, E}, then a pattern of
k + 1 states connected with k temporal predicates is called a temporal pattern with length = k (the number of predicates is k),
or (k + 1)-state (the number of states is k + 1) temporal pattern, denoted as ®,. Then we have:

(1) When k = 0, &g := So,50 € S (we call sp a degenerated temporal pattern);

(2) When k = 1,®; := (o2 51) := (So=>51), Ry € {D,B,0,E};

(3) When k = 2, @, := (&1 2 53) = (S0 > 51 2 52),Ri, R, € {D,B,0,E};

(4) When k > 2, @y == (P15 5) = (S0 51 25,2 ... £ 5,),R; € {D,B,0,E}, where j = 1,2,....k.

Clearly, when k=0, the pattern contains only one state, e.g., “stock A’s price increase”. When k=1, it means that two states

3 M “ ’ T M ” B “ M H M ” M
have a temporal relationship, e.g., “stock A’s price increase” = “Shanghai stock market index increase” meaning that stock
A’s price increases before the market index increases. Moreover, when k > 2, it represents several states having sequentially

temporal relationships, e.g., “stock A’s price increase” 2 “Shanghai stock market index increase” 2 “Shenzhen stock market
index increase”. Apparently, this temporal pattern reflects certain knowledge that is useful to decision-makers in under-
standing the dynamics of China stock markets. Note that if the same predicate (such as B) is used in the pattern, the pattern
is called a single-temporal pattern. If different predicates are integrated into a temporal pattern, then the pattern is called a

3 “ , : ” D “ ’ s M ” B “ s s
multi-temporal pattern. As an example, “stock B’s price decrease” = “stock A’s price increase” = “Shanghai market index
increase” represents a multi-temporal pattern with two predicates D and B.

Similarly to the patterns and instances with two states, a multi- temporal pattern so as1 ész :> éSk could be sup-
ported by multiple temporal instances, e.g., e0p0:>e1p1 gezpz é...:>e,<pk. For example, in Table 1, the temporal pattern
D [} . . D [0} D (0] .y .
@ = s3 =51 =5, is supported by the temporal instances: e3; = e1; = €31 and es3 = e, = €,3. Intuitively, if a temporal pattern
is frequently supported by temporal instances to a certain extent, then the pattern will be regarded as a qualified pattern. In
order to discover qualified patterns, the notion of effective time interval is introduced as follows.

Definition 4. Given a temporal pattern 1? P R—SO:>51 :>sz : éSk,R € {D,B,0,E},j=1,2,... .k, with a supporting
temporal instance ¢, ¢ := egpo :> e1p1 :> ep2 2.2 expk, then the effectlve time interval for ¢ supportmg &, denoted as tgpy, is
defined as:

Loy = Lipk U Le—1)pk—1) U - - - U t1p1 U Lopo,

where t;,; = (Sty;, ety;) is the time interval of event ey;,j=0,2,... k. Then tey, = (Steg, €tes), Where stg, = min{stjy,|j =
0,2,...,k}, ets, = max{etj,| j =0,2,...,k}. Furthermore, T(®) = {ts4|ts, is the effective time interval for temporal instance
¢ supporting @} is called the set of effective time intervals for all the temporal instances supporting temporal pattern @.

. D [} . . D 0]
For example, in Table 1, the temporal pattern @ := s; = s; = s, is supported by the temporal instance ¢ := e3; = ey = €31,
then the effective time interval for ¢ supporting @ is tey, = (Stay, €tes) = (min{1, 1,2}, max{4,5,8}) = (1, 8).
Based on the notion of effective time interval the following properties could be obtained.

Theorem 1. Given a temporal pattern (DR D=5 éS] :>52 :> :>sk Rj € {D,B,0,E},j =1,2,... k with a supporting temporal
instance ¢, ¢ := egpo : e1p1 :> €2 é = ekpk» the effective tlme mterval for ¢ supporting @, i.e., t¢¢ has the following properties:

(1) st = st¢¢7et,w < elpy, and etyp, = etey, Where j =0,2,... k;

(2) If R, = Rz = =Ry =E, then Sf{p(/) = St1p1 = St1p2 =...= Stk'pkv and et@,/, = €t1p1 = et1p2 =...= etkpk;
(3) IfR, = = =D, then Stoy = Stipks and etopy = elipk,
(4) If R, = = R =B or D, then stg, = St1p1, and etgy = etypy;

where the time interval of event e;,; corresponding to state s; is tj,j=(Stjp, etjp;)-
Proof

(1) According to Definition 4, we have stsy = min{stopo, Stip1, ..., Stk }, €toy = Max{etoy, €tip1, ..., el }. SO Stipi = Stay,
etipj < etaoy,j =0,1,2,...,k.
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R R . .
For the temporal pattern @, := sy = s; supported by ¢; := €eopo = e1p1 according to Definition 2, we have etopg < etqp1, then
. . - R R
accordmg to Definition 4, ets141 = etqp;. Similarly, for the temporal pattern @, := @, =s, supported by ¢, := e0p0:1>e1,,1
R R R
:> ezpz, we have etopo etyp1 < ebypy, then etgyyy = etyp. And so on and so forth, for the temporal pattern @ := sg =5 =5 =

..:>s,< =&y :Sk. we have etopo < etip < ... < etypy, then etgy = etypy.

(2) It can be proved directly from Definition 2 (1).

(3) Based on Definition 2 (3), it can be inferred that, etoy < etip < ... < elypr, and Stypr < Stg1)pk-1) < - - - < Stopo. Since
Stoy = min{stopo, Stip1, .. ., Stipk}, €ty = Max{etop, etip1, ..., el }, then stey = Stipy, and ety = etypy.

(4) According to Definition 2 ((2) and (4)), it can be inferred that, St < Stip1 <...<Stipr. Since
Stey = Min{stopo, Stip1, ... ,Stipk }, then stey = stip1, and etq, = ety (According to proof (1)). O

A temporal instance is an instance for its corresponding temporal pattern, reflecting all the states happening in a certain
time interval. In order to measure the frequency that the states supported by multiple instances, the degree of support and
the degree of confidence are introduced below in a similar spirit to [1-3,14,19,21,31,35,36].

Definition 5. In a temporal database, for a given temporal pattern ¢, the number of temporal instances that support the
temporal pattern is denoted as supp(®). Then the degree of support of a temporal pattern @ is defined as:

support(®) = supp(®)/|E|,

where |E| = max ( |Ej|), N is the number of states in a given temporal database Dr,E; is the set of events supporting state

sj, |Ej| is the cardmallty of E; (i.e., the number of the events in E;j), and ej, is an event supporting state s;,i.e.,e;, € E;.
. . D (o] . .
For example, in Table 1, the multi-temporal pattern @ :=s3=s;=-5s, is supported by the temporal instances

€31 ien :O>e21 and e33£>elzgez3, which reflects that supp(®) = 2. In Table 1, it can be seen that E; = {e11,e12},E2 =
{621,8227823},E3 = {9317632.,633},E4 = {641,642},E5 = {6517652} and EG = {661,652}. So |E‘ max(Z 3 3 2 2 2) 3. Then

support(ss :D>s1 :O>sz) = 2/3. The degree of support is used to measure the strength (frequency) of a multi-temporal pattern
in a certain temporal database.
Subsequently, the following property could be obtained.

R R R R,
Property 1. Given any temporal pattern & := so =1 =S, = ... =5}, where E; supports s;, then supp(®) < |Ej| < |E|.

Proof. According to Definitions 1 and 3, if an event e supports s; (i.e., e € Ej), it may be in an event instance to support ¢. But
if the event e does not support s;, then it is not in any event instances to support . So supp(®) < |Ej.
Moreover, according to Definition 5, we have |E;| < |E|.

Thus, supp(®) < |Ej| < |E|. O

Based on Definition 3 and the concepts of association rule [1-3,14,19,21,31,36], considering the semantics of temporal
predicates, the degree of confidence for a temporal pattern ¢ can be deﬁned as follows in Definition 6.

Definition 6. In a templgral database Eor a given temporal pattern @ := sg :> 1 :>52 :> éSk, let &;_; be the (k — 1) -item
sub-pattern of @, i.e., so = $ :> S2 :> %' 5,1, then ® can be denoted as @_; = sy. Furthermore the degree of confidence for
a temporal pattern @ is defined as:

(3
% x confidence(®y_1) Ry#D
= { supp(®) — supp(®) —
confidence(®) simpis,) x confidence(s,) = S2EES R =D
1 @ is a degenerated temporal pattern

For example, in Table 1, for any @ :=s;,i=1,2,... ,IL;J, we have confidence(®) = 1, since @ is %degenerated temporal pat-
tern and there is no antecedent.D For @:=s3=s5(Rx=D,k=1), we have supp(s;=s1)=2,supp(s;) =2, and
confidence(s;) = 1. Then confidence(s; = s1) = supp(ss = $1)/supp(s1) = 2/2 = 100%, wh[i)ch means s will occur at a 100%
chance during sis occurrence. Moreover, for the multi-temporal pattern @ :=s3=-s1=5, (Rx # D,k =2), we have

D D . o
supp(ss 35S =5y) = 2,supp(s3 =5s1) =2, and confidence(ss; =s;) = 1. Then confidence(ss = s1=S2) = supp(s3 =S1=S52)/
supp(ss 2 s1) x confidence(ss = s1) = 2/2 x 100% = 100%. Basically, the degree of confidence is used to evaluate the signifi-
cance of a multi-temporal pattern in a certain temporal database.

Based on the definitions of the degree of support and the degree of confidence for a multi-temporal pattern, given the
thresholds, e.g., the minimal support o and the minimal confidence g, where «, 8 € [0,1], a pattern ¢ with support(®) > o
is called a frequent (candidate) pattern. A pattern @ with support(®) > o and confidence(®) > f is called a qualified pattern.
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3. Properties of multi-temporal patterns

Before constructing the mining algorithm to discover qualified multi-temporal patterns, some useful properties could be
derived and used in further algorithmic design so as to improve the effectiveness.

. . Ry R R R .
Definition 7. Given a multi-temporal pattern @,® := sq =5, =252 :k>sk,Rj € {D,B,0,E},j=1,2,...,k, then a pattern

R, R Rim . . .
PP =5 :>s]2 :2513 $s]m, where 0 <j; <j, <...<jp, <k and 0 <m <k, is called a m-item sub-pattern of @. If

J1sJ2,---,Jm 15 a series of sequential natural numbers (ie, jp=jp-1+1,p=1,2,...,m and j; = 0), then & is called a
sequential sub-pattern of @.

Definition 8. Given a temporal pattern @ and a sub-pattern &', for any instance ¢ of & with its effective time interval
tsy € T(P), there exists an instance ¢’ of @' with its effective time interval g, € T(®') such that ty, Ctes, then we call
@' a supporting sub-pattern of ®.

For egample in Table 1, for the multi-temporal pattern s3 :>s1 :>sz S3 :>s1,s1 :>sz and s3 :>sz are its sub-patterns, while
both s3 = s; and s, 2 s, are its sequential sub- -patterns. Moreover, in Table 1, the multi-temporal pattern @ := s; = S; =5, has
two instances ¢, := e3; = €11 =€ and ¢, = e33 ?elz = ep3 with effective tlme) intervals tgy = (1(5 8) and tg4 = (28,40),
respectively. Now consider a sub-pattern ¢ := s; = s,, it has instances ¢} := e3; = e5; and ¢35 := e33 = e,3 with effective time
intervals tgy4q =(1, 8) and tg 4, = (28,38), respectively. Since (1,8) =tgyy1 Ctogt = (1,8) and (28,38) = tyy, Ctagr =
(28,40), then @' is a supporting sub-pattern of &.

Property 2. If &' is a supporting sub-pattern of &, then supp(®') > supp(®).

Proof. If supp(®) is the number of event instances that support &, it equals the number of effective time intervals. Since &' is
a sub-pattern of @, so for an event instance, e.g., ¢, supporting &, the effective time interval t,, will cover a time interval t4 ,
where ¢' supports @'. That is, supp(®') > supp(®). O

. D (0] . . (0] 0]

For example, in Table 1, supp(ss;=-s1=-S2)=2. For its supporting sub-pattern s;=-s,, we have supp(s;=-s;) =2
= supp(s3 = S1 = S2). (l)t could also be found tllljat $1,= 52 is its supporting sub-pattern according to Definition 8. Furthermore,
we can find supp(s1 =5$2) =3 > 2 = supp(s3 = $1 :>52)

Generally, Property 2 means that, for a temporal pattern, its supp value will not exceed its supporting sub-pattern’s supp
value. Then it could be inferred that, if a pattern is a frequent candidate pattern, any sub-pattern of the pattern is also a fre-
quent candidate pattern, since support(®') = supp(®')/|E| = supp(®)/|E| = support(®) > a. This property is quite important
and could be used as a pruning strategy in further algorithmic design to improve algorithm’s effectiveness. Additionally, due
to the partial-ordering of temporal relationships, however, whether certain sub-patterns are supporting other sub-patterns
needs to be further investigated.

Property 3. If &' is a sequential sub-pattern of @, then &' is a supporting sub-pattern of ®.

Proof. For a sequential sub-pattern @' of @, there exists tyy € T(®') such that tgy, C tey, tes € T(P), where ¢ and ¢’ are two
event instances supporting ¢ and &', respectively, and ts, and ty 4 are the corresponding effective time intervals of event
instances ¢ and ¢’ for @ and @', respectively. According to Definition 8, it can be derived that &' is a supporting sub-pattern
of . O

. D 0 . D [0} .
As an example in Table 1, bgth s3 =5 and $; = s, are sequential sub-patterns of s3 = s; = s,, which means they are two
supporting sub-patterns of s; = s; = s,. Next, let us consider certain cases of non-sequential sub-patterns where temporal
predicates D and B are of particular relevance and interest.

Property 4. If an event instance ¢ := egpo :>e1p1 éezpz R:3> iekpk exists, Rj € {D,B,0,E},j =1,2,...,k, then:

R
(1) IfR;=D,j =1,2,...,k, then ej = ey exists, i=0,1,2,....k— 1.
(2)If Ry=B,j=1,2,...,k then € 1)p(k-1) = ek exists. Moreover, if ey happens in the window constraint of
epiri=0,1,2,...,k— 1, then ej = ey exists,i=0,1,....k—1.
Proof

. R
(1) If R =D,j=1,2,...,k, then the effective time interval of event instance ¢ := eopo:em :>ezp2 2. :ekpk can be

denoted as (st(,,, et¢) We have st < sty = Stipk < etipi < etqy = ety according to Theorem 1 ((1) and (3)). So the event
instance ejp; éekpk exists,i=0,1,2,...,k— 1. 2 X -

(2) IfR;=B,j=1,2,...,k then the effective time interval of event instance ¢ = eopo & eipt = €app = .. = €k 1pk_1) CaN
be denoted as (sty,ety). We have et y_1)pk-1) = et, and ety,; < ety,i=0,2,... k-1, according to Theorem 1 (4). Based
on the concept of during in Definition 2, we have 0 < sty — ety < Wzndow That IS, ek_1)pk-1) :>e,<p,< exists.
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Moreover, it could be inferred that sty > et _1)px_1) = ety = ety if styp — ety < window, which means the window
L . R .
constraint is satisfied for events ey, and e, then e = eypk exists, i=0,1,...,k—1, otherwise not. O

. L . . R .
It is worth mentioning that, if Ry = O or E, event instance e;, = ey, may not happen. Subsequently, the following can be
inferred.

Property 5. Given a multi-temporal pattern @ := sg 2551 iisz i; . .iﬁsk,Rj € {D,B,0,E},j=1,2,...,k we have:

(1) If Ry = D, the 1-item sub-pattern s; iﬁs,ﬁ i=0,1,2,...,k—1, is a supporting sub-pattern of @.
(2) If R, = B, the 1-item sub-pattern s;_; Qésk is a supporting sub-pattern of . Moreover, if s; and s, satisfy the window

R
constrain, then the 1-item sub-pattern s; = s, is a supporting sub-pattern of @,i =0,2, ...,k — 1.

Proof. The property can be proved directly based on Property 4. O

R R; R R,
Property 6. Given a multi-temporal pattern @ := s, = s, =5, = ... =5, R; € {D,B,0,E},j = 1,2,... k, if R, = D, the sub-pattern
Ry Ry Rs Ry 2 Ry . .
So=>S1 =Sy = ... = Sx_p = Sy IS a supporting sub-pattern of .

R
Proof. Without loss of generality, we denote sy Ms R, 8 25 . as @ Then @ can be denoted as & ' s, | s,

According to Property 5, it could be inferred that 45’:>sk is a supporting sub-pattern of &. Thus, the sub-pattern

Ry R, Ry R 2 R . .
So=S1=>Sy=... = Sx_p = Sy iS a supporting sub-pattern of . O

R R R: R
Property 7. Given a multi-temporal pattern @ := sy = 5; =S, = . .. :ksk,Rj € {D,B,0,E},j =1,2,....k, if there exists any R; = D
R R R
or Bjj=1,2,...,k—1, then s;=s,=...=s, is a supporting sub-pattern of ®; Otherwise, only if Re=D or B, then

Ry Ry Ry . .
S1 =Sy =...= Sy IS a supporting sub-pattern of ®.

Proof. It can be proved directly based on Property 6. O

Properties 4-7 reflect the characteristics of temporal predicates D and B for non-sequential sub-patterns, Wthh can be
further mtegrated into the mining algorithm along with other properties. For exam%le in Table 1, instance eg; 2 €2 :>e51
ex1sts then eg; :>€51 exists according to Property 4. A multl temporal pattern sg = S3 :>51 exists in Table 1, then both
S3 :>sl and 56 $51 are supporting sub- attems of sg $s3 :>s1 according to Propertly 5 A multi-temporal pattern
Sq :>56 :>sz :>55 exists in Table 1, then s; = sg Zsisa su%portmg sub-pattern of s, = s =5, 2 ss according to Property 6,
and sg 2 Sz 2 Ss is a supporting sub-pattern of s, = s 2 s, =S5 according to Property 7. For temporal predicate B, Properties
4-7 could be exemplified in a similar manner.

4. The mining algorithm
4.1. Generating 2-item temporal patterns (k=1)

In order to facilitate the mining process and the corresponding algorithm, the temporal database needs to be re-orga-
nized. First, a new table should be constructed with attributes (fields) being states. Second, all the temporal events should
be assigned into corresponding columns. For example, Table 1 could be transformed into Table 2.

Only the events that occur in an acceptable length of time, satisfying the window constraint, will be regarded to have a
temporal relationship. This means that, if two events are apart from each other far beyond the realm of the window of inter-
est, the two events are not regarded to have a temporal relationship that is worth being considered.

Given a temporal database Dr with the set of states S, initially, a set of degenerated (k = 0) patterns could be constructed,
e.g., Co = {sj|sj € S}. Then, the temporal database could be scanned to determine whether each s; is frequent or not. Hence a
set of frequent degenerated 1-item (k = 0) patterns could be obtained, e.g., Fo = {sj|support(s;) > a,s; € S}. Suppose there are

Table 2

Transformed temporal database D;.
T(s1) T(s2) T(s3) T(sa) T(ss) T(se)
(1,5) (2,8) (1,4) (3,7) (2,10) (2,5)

(30, 40) (4, 6) (33, 38) (25, 27) (27, 42) (34, 39)
(28, 32) (30, 38)
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n events in the temporal database, the computational complexity of this process is at O(n), i.e., one database scan to calculate
the supp values of all states.
Moreover, based on the following property, 2-item (k = 1) frequent patterns could be generated based on 1-item patterns.

Property 8. For a 2-item temporal pattern @, e.g., @ :=; isj,R = {D,B, 0,E}, supp(®) < supp(s;).

Proof. Since s; is a degenerated pattern, it is a sequential sub-pattern of ¢. According to Property 3, s; is a supporting sub-
pattern of @. Furthermore, supp(®) < supp(s;) (Property 2). O

Upon Property 8, the set of 2-item (k = 1) candidate patterns could be generated, e.g., C; = {s; :R>Sj/ si € S,s; € Fo}. In this
way, the efficiency will be improved, since there is no need for its complementary set C; = {s;=s;|s; € S,s; ¢ Fo} to be gen-
erated or further calculated.

Thereéafter, the temporal data}zbase could be scanned to get the set of 2-item frequent patterns, e.g.,
Fi1 = {si=sj|si € S,s; € Fo, support(si=s;) > o}.

Moreover, the set of (k + 1)-item candidate patterns, e.g., Ci, could be generated based on the set of k-item frequent pat-
terns, e.g., F,_;. Next, some further optimization could be made in order to improve the effectiveness of the mining process.

4.2. Generating (k + 1)-item temporal patterns (k > 1)

Based on previous discussions, the following property could be obtained.

R R R R,
Property 9. Suppose R; € {D,B,0,E},j=1,2,...,k k > 2, given a (k — 1)-item temporal pattern &, := sy =51 =S = ... =5y,
Ry Ry Rs Ri_1 Ry R3 Ry
and three sub-patterns of @, eg, ®1,P, and &3, eg, P :=Sg=51=5=...= Sk_1, P2 =51=5,=...=5, and

R Ry R3 Ry > Ry
Py =Sy =S] =Sy =... = Sy_o = S;. We have:

(1) If Ry = D, if either of @, @, and @5 is not frequent, e.g., support (X) < o, X = &1, P, or ¥3, then @ is not frequent, i.e.,
support @) < o.

(2) If there existany Rj =D orE,j=1,2,...,k— 1, and either @; or &, is not frequent, then @ is not frequent, i.e., support
(P) <o

(3) IfR; # DandR; # E, forVj=1,2,...,k — 1, and R, = B, and either @, or @, is not frequent, then @ is not frequent, i.e.,
support (@) < o.

Proof

(1) According to Property 3, @, is a supporting sub-pattern of @. According to Property 5, @, is a supporting sub-pattern of
@. According to Property 6, @5 is a supporting sub-pattern of @. So we have supp(®1) > supp(®),supp(P,) = supp(®P),
and supp(®s) > supp(®). That means that if either of &;, ®,, and @5 is not frequent, then @ is not frequent.

(2) This can be proved in the same way based on Properties 5 and 6.

(3) Likewise, this can also be proved in the same way based on Properties 5 and 6. O

In generating C based on F;_;, Property 9 could be used to filter the non-frequent patterns without scanning the data-
base. The procedure is as follows:

. R R R Re_ . . .
(1) For each k-item frequent pattern, e.g., ®; := So = S; = S, = . .. = Sx_1, in Fi_1, label it whether the pattern contains D or
E.
. R R R . .
(2) Search in Fy_; to get @, :=s; =55 = ... =5, where Ry and s; are new temporal predicate and new state corresponding

R R R R
to ;. We call @, matches @,. Then a new (k + 1)-item candidate pattern @, e.g., @ := S B - :ksk, can be
generated. Thus, the set of (k+1)-item candidate patterns, denoted as C,, can be constructed, e.g.,

Ck:{<P|<D::50R$sliz>szi3>.‘.§k>sk, where @ ::sogslgszii...RSsk,l,d)::sogslgszg...ﬁésk,and
D,y € Fk,1}.

(3) Based on generated C,, before scanning the database to calculate the degrees of support and confidence for each
@, € Cy, to determine whether each @ is a qualified multi-temporal pattern, some filtering strategies could be
formed: & B R x .

(@) IfR, =D, it means that @s, e.g., 3 := Sy =5 =55 = ... = Sk_» = S, corresponding to @ should also be in Fy_;.
Otherwise, @ will not be a qualified pattern (Property 9 (1)). Then scan F,_; to determine whether ®; € F;_;.
If it is not, then delete it from C,, i.e., C, = C, — {®3}.

(b) If Rk # D and there exists any Ry =D or E,j =1,2,...,k — 1, then keep C; unchanged (Property 9 (2)).

(c) IfRj=DandR;#E forVj=1,2,...,k—1, and Ry = B, then keep C; unchanged (Property 9 (2)).
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Table 3
Algorithm for generating frequent temporal patterns.

1 S = {s|s is a state in the Dr};
2 Co = {silsi € S}
3 F() = V);
4 m=1S|;
5 FOR s; € S DO
6 Fo = Fo U {sj|support(s;) > o,s; € S}
7 ENDFOR
8 Ci={si2 55 €S.5; € Fo}:
9 k=1;
10 WHILE C, # 0 DO
11 Fk =0;
12 FOR @ € C; DO
13 Calculating support(®y);
14 IF support(®y) = o THEN
15 Fy = Fe U{®};
16 END IF
17 END FOR
18 Crs1 =03
19 FOR &, € F, DO
20 IF @; contains D or E THEN
21 Flag=1;
22 END IF
23 FOR &, € F, DO
24 IF &, matches ¢; AND @3 € F, THEN
25 Cry1 = Crp1 U D,
26 END IF
27 Filter Cy,1;
28 END FOR
29 END FOR
30 END WHILE
Table 4
Algorithm for generating qualified temporal patterns.
1 Q=10
2 k=0;
3 WHILE Fy # 0 DO
4 FOR @ € Fy,
5 Calculating confidence(®);
6 IF confidence(®) > p THEN
7 Q=Qu{o};
8 END IF
9 END FOR
10 k=k+1;
11 END WHILE

Then, based on the updated C;, scan the database to calculate the supp value of each (k+1)-item candidate & in Cy. Finally,
Fy could be obtained. Moreover, based on Fy, Cy,; could be generated and filtered similarly. When C, = ), then terminate,
which means that all the frequent patterns have been discovered.

The algorithmic detail for generating all frequent temporal patterns is shown in Table 3.

Furthermore, based on the generated frequent temporal patterns along with the supp values, the degree of confidence for
each temporal pattern could be calculated. Finally, the set of qualified temporal patterns could be obtained. The algorithm for
calculating the degrees of confidence to generate qualified patterns is shown as follows (Table 4).

5. An application of the proposed approach to associative movement of stock markets

Associative movement of stock markets is an important issue in financial studies [16,17,27]. With the fast development of
China’s economy, the stock markets in China (e.g., Shanghai stock market, Shenzhen stock market and Hong Kong stock mar-
ket) play an important role in China’s economy, and are also attracting attention from the world economy perspective. Due to
the historical reasons, Hong Kong’s economy was to a certain extent independent of Chinese mainland economy for decades.
However, in the context of globalization and the return of Hong Kong, the associative movement of stock markets between
Chinese mainland and Hong Kong was deemed noteworthy in recent years, giving rise to several research efforts [22,28,30].
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Table 5
Description of data.
Level Data description
Industry? Major industry indexes of Chinese mainland market

CSI 300 Energy Index (CSI 300 EI)

CSI 300 Materials Index (CSI 300 MI)

CSI 300 Industrials Index (CSI 300 II)

CSI 300 Consumer Index (CSI 300 CI)

CSI 300 Telecommunication Services Index (CSI 300 TS)
CSI 300 Utilities Index (CSI 300 UI)

CSI 300 Financials Index (CSI 300 FI)

CSI 300 Information Technology Index (CSI 300 IT)

Major industry indexes of and Hong Kong market
Hang Seng Energy Index (HS EI)

Hang Seng Materials Index (HS MI)

Hang Seng Industrials Index (HS II)

Hang Seng Consumer Index (HS CI)

Hang Seng Telecommunication index (HS TI)
Hang Seng Utilities Index (HS UI)

Hang Seng Financials Index (HS FI)

Hang Seng Information Technology Index (HS IT)

Market” Major composite indexes of Chinese mainland market and Hong Kong
market:
Hang Seng China-Affiliated Corporations Index (HSCACI)
Hang Seng China Enterprises Index (HSCEI)
Hang Seng Freefloat Composite Index (HSFCI)
Shanghai Composite Index (SCI)
Shenzhen Component Index (SCI2)

# Two indexes in CSI 300 Industry Indexes (CSI 300 Consumer Discretionary Index and CSI 300 Health Care Index) and three indexes in Hang Seng
Industry Indexes (Hang Seng Services Index, Hang Seng Construction Index and Hang Seng Composite Index) are omitted, since each of them cannot be
found a corresponding index in the other market.

b These five indexes are the major market indexes for Chinese mainland market and Hong Kong market.

Concretely, two research questions are of interest: one is whether or not these two markets have significant associative
movements; the other is what will the direction of the movement be if there is any significant associative movement.

From the viewpoint of temporal patterns, associative movement corresponds to temporal relationships. In this section,
we will use the proposed approach to analyze the associative movement of Chinese mainland stock market and Hong Kong
stock market. In doing so, first, the data will be described, along with the possible pre-processing procedure. Next, the asso-
ciative movements from two levels, namely, the industry-level and market-level, will be analyzed in light of respective
indexes.

5.1. Data description and pre-processing

All the raw data, including daily stock price data, industry analysis and index data, were from Wind finance database [33]
for the period of July 2003 to January 2008 (excluding January-June 2003 while SARS was severely epidemic). The descrip-
tion of data is shown in Table 5.

Since the original data were listed with the values of every day, they need to be pre-processed before being used in min-
ing multi-temporal patterns. First, in order to reduce the noises, we used 5-days moving average values of the index values.
Second, without loss of generality, we consider two states of each index: increase and decrease (Totally, for K indexes, there
will be 2 x K states). Simply, if the value in day i + 1 is higher than the value in day i, then this case is referred to as the event
with a state being increase starting at i and ending at i + 1. Since the value of an index could keep increase/decrease for multi-
ple days, we merged the continuous events of increase or decrease into one event, e.g..{index A is decrease, 6, 8} representing
that index A’s value would keep decrease from day 6 to day 8. Third, after the transforming and merging, the events of all the
indexes could be integrated into a temporal database.

Fig. 1 exemplifies the pre-processing procedure on some real data of Shanghai Composite Index and Shenzhen Composite
Index.

5.2. Discovered multi-temporal patterns

After some testing, based on the pre-processed temporal data, set o = 0.25, 8 = 0.3, the discovered industry-level multi-
temporal patterns are as shown in Table 6.
From the discovered industry-level multi-temporal patterns, some remarks could be made.
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Shanghai Composite Index (SCI) Shenzhen Composite Index (SCI2)
Day Value |  Merging events Day Value Merging events
#1: #1: |
1484.7 405.58
2003-7-1 2003-7-1
#2: > {SCI Increase, 1, 3} #2: A SCI2 Increase, 1, 3}
1499.68 408.46
2003-7-2 2003-7-2
#3: ) #3: )
1504.44 410.26 =
2003-7-3 2003-7-3 1
¢ {SCI2 decrease, 3, 4}
#4: | #4. J
1502.35 | > {SCI decrease, 3, 5} 409.97 =
2003-7-4 ‘ 2003-7-4
#5: #5: \
1501.48 ¢ 410.22 | ASCI2, increase, 4, 6}
2003-7-7 \ ) 2003-7-7
~ {SClincrease, 5, 6}
#6: J #6:
1512.02 ¢ 413.56
2003-7-8 ‘ 2003-7-8 L
L {SCI decrease, 6, 7} ( {SCI2, decrease, 6, 7}
#7: \ #7: J
1503.31 411.1 =
2003-7-9 \ 2003-7-9 \ .
> {SCl increase, 7, 8} ‘/\ {SCI2, increase, 7, 8}
#8: | #8: J
1531.93 418.05
2003-7-10 2003-7-10
#9: ‘ #9:
1528.85 | { 416.92
2003-7-11 ~A{SCI decrease, 9, 10} 2003-7-11 }SCIZ, decrease, 8, 10}
#10: #10:
1521.41 415.58
2003-7-14 ) 2003-7-14
{7 AN -
SCI increase SCI decrease SCI2 increase SCI2 decrease
(1,3) (3,5 (1,3) (3, 4)
(5,6) (6,7) 4, 6) 6,7
(7, 8) (8, 10) (7, 8) (8, 10)

Fig. 1. Data pre-processing.

First, Hang Seng industry-level indexes had information advantage over CSI 300 industry-level indexes (#1-#7,#13-#14),
especially on Telecommunications, Energy, Financials, Industrials, IT and Utilities, which still reveals a fact that Hong Kong
market was more globalized and sensitive to news and information, while Chinese mainland market was not so sensitive
compared with Hong Kong market.

Second, the Materials industry of Chinese mainland market had information advantage over the Materials and Industrials
industries of Hong Kong market (#8-#12), since Chinese mainland market was one of the major markets of materials, while
Hong Kong market was not and the Materials and Industrials industries in Hong Kong mainly purchased materials from Chi-
nese mainland market. Moreover, as the precedent industries of Materials, Energy and Consumer had information advantage
over Materials in Chinese mainland market (#9-#12), since they were the major industries that require materials.

Third, the Financials industry had information advantage over Telecommunications industry in Hong Kong market (#13-
#14), since Hong Kong was one of the financial centers in the world and the Financials industry was more sensitive to news
and information.

Overall, the results show that the associative movement of Chinese mainland market and Hong Kong market was quite
significant on the industry-level.

5.3. Discovered market-level temporal patterns

Also after several rounds of testing, based on the pre-processed temporal data, set o = 0.3, f = 0.4. On the market-level
temporal database, the discovered multi-temporal patterns contain predicates before and during, and the states in a discov-
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Table 6
Discovered industry-level multi-temporal patterns.

# Discovered industry-level multi-temporal patterns

! Hang Seng Telecommunications Index increase :B>CSI 300 Telecommunications Index increase

2 Hang Seng Energy Index increase iCSI 300 Energy Index increase

2 Hang Seng Financials Index increase :B>CSI 300 Energy Index increase

2 Hang Seng Industrials Index increase iCSI 300 Consumer Index increase

2 Hang Seng IT Index increase iCSI 300 Telecommunication Index increase

3 Hang Seng IT Index increase 2£.¢S1 300 IT Index increase

v Hang Seng Utilities Index increase £¢s1.300 Utilities Index increase

8 CSI 300 Materials Index increase i Hang Seng Materials Index increase

® CSI 300 Energy Index increase iCSI 300 Materials Index increase :B>Hang Seng Materials Index increase

EC CSI 300 Consumer Index increase :B>CSI 300 Materials Index increase :B>Hang Seng Industrials Index increase

i CSI 300 Energy Index increase 2.¢S1300 Materials Index increase :B>Hang Seng Industrials Index increase

2 €SI 300 Consumer Indexincrease —CSl 300 Materials Index increase _E>Hang Seng Materials Index increase

13 Hang Seng Financials Index increase :B>Har1g Seng Telecommunications Index increase 2051 300 Industrials Index increase

L Hang Seng Financials Index increase :B>Har1g Seng Telecommunications Index increase 2051 300 Materials Index increase
Table 7
Discovered 2-item market-level temporal patterns.

P=C HSCACI HSCEI HSFCI Ne| SCI2

HSCACI N/A B N/A B B

HSCEI B/D N/A B B/D N/A

HSFCI D D N/A B N/A

Nl B/D D B N/A N/A

SCI2 N/A N/A N/A B/D N/A
Table 8

Discovered 3-item market-level temporal patterns.

# Discovered 3-item market-level multi-temporal patterns

1
2

HSFCI decrease £> HSCACI decrease:B> SCI decrease

HSFCI increasei HSCACI increase:D> HSCEI increase

ered multi-temporal pattern are the same, e.g., HSFCI decrease 2 HSCACI decrease —SCI decrease. For simplicity, we omit
states increase and decrease in the representation as shown. Since the 2-item temporal patterns are so frequent, for clarity,
we represent the 2-item temporal patterns in Table 7. Each item in the first column is the precedence of a 2-item pattern,
while the item in the first row is the consequence of a 2-item pattern, the symbol “ B” or * D" in the table shows the corre-
sponding predicate “before” or “during”, and the symbol “B/D” shows that the corresponding two items have temporal rela-
tionships “before” and “during” simultaneously. The symbol “N/A” represents that there is no significant temporal
relationship between the corresponding two items.

For k-item temporal patterns (k > 2), there are two 3 item patterns dlscovered as shown in Table 8.

Note that pattern 2 in Table 8 (i.e., HSFCI decrease 2 HSCACI decrease = SCI decrease) is a multi-temporal pattern with
During and Before, which was generated from its frequent sub-sequential patterns such as “HSFCI decrease”, “HSCACI
decrease”, “SCI decrease”, “HSFCI decrease 2 HSCACI decrease” and “HSCACI decrease —SCI decrease”, according to Properties
2,3 and 9.

Moreover, from Tables 7 and 8, we could have the following findings. First, HSCACI had a certain information advantage
over other market indexes. Second, HSCEI, HSFCI and SCI were closely related and none of these three indexes had significant
information advantages over others. Third, SCI2 was closely related to SCI but the temporal relationships between SCI2 and
indexes in Hong Kong market were not significant, which reveals that, compared with Shanghai market, Shenzhen market
was less related to Hong Kong market. Overall, the results show that the associative movement of Chinese mainland market
and Hong Kong market was quite significant on the market-level.
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6. Conclusion and future work

In this paper, the notion of multi-temporal patterns with four temporal predicates (i.e., Before, During, Overlap and Equal)
has been presented as important forms of knowledge for discovery. In-depth investigations of several properties relating to
the combinations of temporal predicates in patterns, sequential/non-sequential sub-patterns, and the pattern generation
have been conducted so as to develop effective optimization strategies for reducing the database scan in the generation
of candidate patterns of the mining process. Correspondingly, the proposed approach has also provided algorithmic details.
Finally, the approach has then been applied to stock markets to explore possible associative movements between the stock
markets of Chinese mainland and Hong Kong, revealing that there were significant associative movements between the two
markets, at both industry and market-levels.

Future work could be centered on further theoretical scalability analyses along with other synthetic and real data exper-
iments, on extensions of the approaches to more temporal relationships, and on other financial applications.
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