
African Journal of Marketing Management Vol. 4(1), pp. 1-16, January 2012 
Available online http://www.academicjournals.org/AJMM 
DOI: 10.5897/AJMM11.075 
ISSN 2141-2421 ©2012 Academic Journals 

 
 
 
 
 
 

Full Length Research Paper 
 

A study on time series data mining based on the 
concepts and principles of Chinese I-Ching 

 

Shu-Chuan Chen1 and Chi-Ming Tsou2* 
 

1
Institute of Business Administration Fu-Jen Catholic University, Taiwan, Republic of China. 

2
Department of Information Management, Lunghwa University of Science and Technology, Taiwan, Republic of China. 

 
Accepted 20 December, 2011 

 

This paper proposes a novel time series data mining and analysis framework inspired by ancient 
Chinese culture I-Ching. The proposed method converts the time series into symbol spaces by 
employing the concepts and principles of I-Ching. Algorithms are addressed to explore and identify 
temporal patterns in the resulting symbol spaces. Using the analysis framework, major topics of time 
series data mining regarding time series clustering, association rules of temporal patterns, and 
transition of hidden Markov process can be analyzed. Dynamic patterns are derived and adopted to 
investigate the occurrence of special events existing in the time series. A case study is illustrated to 
demonstrate the effectiveness and usefulness of the proposed analysis framework. 
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INTRODUCTION 
 
In the era of information explosion, an enterprise 
databases may contain massive amounts of accumulated 
time-related data regarding stock prices, output qualities 
of production line, changes in inventory level, and 
quantities and amounts of product sales. Accurately, 
efficiently, and flexibly managing, analyzing, and applying 
time series data to acquire core competitive advantages 
by discovering important knowledge from database is a 
critical challenge for enterprises to survive and develop 
sustainably. 

Time series data mining has a broad range of 
applications, including determining the similarity for two 
time series, for example, whether the stock price trends 
of TSMC and UMC (both are Taiwanese IC company) 
and were completely identical over the past three years; 
whether changes in the time series of temperatures in 
two different regions are consistent, or trying to find out 
whether a basket of stock portfolios exhibit identical 
similar variation trends in order to reduce the risk of 
investment. Similarity studies of time  series  have  gotten  
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more attention of researchers in the field of data mining, 
since massive amounts of data in many fields of 
application, from finance to science, are related to time. 
Efficiently discovering useful knowledge from massive 
time-series data provides a basis for decision-making and 
is a very important issue in time-series data mining. 

In addition, how to uncover interesting events from time 
series data is another important issue. For example, 
stock market investors may want to know when to enter 
and when to exit the market in order to maximize the 
investment returns. As a result, finding the turning points 
in stock trends might be the most interesting thing for 
investors. However, it is very difficult to apply the 
traditional time series analysis methods such as the 
famous Box-Jenkins method to deal with the special 
events. The Box-Jenkins method is only effective for 
stationary time series with mutually independent normal 
distributed error terms (Pandit and Wu, 1983). One of the 
methods that can be applied to discover the specific 
events by the approach of time series data mining is to 
identify the time-ordered structures or called temporal 
patterns to express the characteristics of special events 
and then employ those patterns to predict the 
occurrences of future event. Nevertheless,  in  real  world  
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time series variations, such as stock prices, conditions of 
stationary and error terms mutually independent are not 
easy to satisfy. Therefore, this study proposes an 
innovative time series dynamic pattern data mining 
method to identify the similar patterns of time series and 
to develop a time series data mining analysis framework 
for uncovering the characteristics of a specific event. 
 
 

RELATED WORK 
 

Traditional time series analysis methods such as 
regression models are often used to predict the trends 

and outputs. The 
thi moving average model (MA) uses 

the linear combination of the first i items of data to predict 
the next period’s output. The autoregressive model (AR) 
uses prediction results of the first l items of data and 
current output to predict the next period’s output. 
Combinations of models are also commonly used 
analysis methods (ARMA, ARIMA models) (Chatfield, 
1989). However, traditional time series analysis models 
can only process linear and stationary time series data. 
Analysis of nonlinear or non-stationary time series data 
requires the introduction of data mining techniques. 

Data mining is a promising field, which gains more 
attention of researchers recently. Its primary task is to find 
or discover useful patterns previously hidden or unknown 
in a time series. Data mining combines several research 
methods of many fields, including machine learning, 
statistics, and database design. It utilizes techniques 
such as clustering, association rules, visualization, and 
probability map to identify useful patterns hidden in large 
databases. These patterns are diverse in form and may 
be related to either space or time. 

Data mining methods such as decision tree technique 
are often used to process time series data. To find the 
changes in the traits of a variable x (t) over time, one can 
continuously measure x and then embed the results in a 

vector for example, ))(),(),2(( txtxtx , then the 

static rule induction method such as ID3 (Quinlan, 1986), 
C4.5 (Quinlan, 1993), and CN2 (Clark and Niblett, 1989) 
can be used to find time-related association rules or 
patterns (Kadous, 1999; Karimi and Hamilton, 2000; 
Shao, 1998). However, a time series is a constantly 
evolving process, the static rules can only comply with a 
specific point in time; if the factor of time is taken into 
account, an excessive number of rules or patterns are 
produced which cannot be processed effectively and 
need a rules or patterns trimming process. 

On the other hand, measurement such as Euclidean 
distance or correlation (Martinelli, 1998) which are usually 
used to measure the similarity between two time series. 
Accordingly, methods of measuring similarity of two time 
series have been continually introduced (Agrawal, 1993; 
Agrawal et al., 1995a, b, Keogh and Pazzani, 1999; 
Keogh et al., 2000; Kim et al., 2000). However, when 
various methods of measuring  time  series  distance  are  

 
 
 
 
applied in real cases, one still needs to back to the simple 
measurements or slightly-modified Euclidean distance 
due to time complexities (Das et al., 1998). Other 
researchers, such as Cohen (2001), employ statistical 
testing to identify temporal patterns. 

Weiss and Indurkhya (1998) defined data mining as 
“finding valuable information expressed by apparent 
patterns from large amounts of data to improve decision-
making quality”. Cabena (1998) defined it as “a process 
of performing decision-making based on extracting 
previously unknown, correct, and actionable information 
from large amounts of data”. Other researchers who used 
data mining techniques to find time series patterns are: 
Berndt and Clifford (1996), Keogh and Smith (1997), 
Rosenstein and Cohen (1999), Povinelli and Feng 
(2003), Guralnik et al. (1998), Faloutsos et al. (1994), Yi 
et al. (1998), Agrawal et al. (1993) and so on. Berndt and 
Clifford (1996) used dynamic time warping techniques of 
voice recognition to compare a time series against a set 
of predefined templates.           

Rosenstein and Cohen (1999) performed a comparison 
of defined module and time series data produced using a 
robot sensor device. Rosenstein and Cohen (1999) 
differed from Berndt and Clifford (1996) in that they 
utilized a time-delay embedding process to compare 
templates defined in advance. Povinelli and Feng (2003) 
used a time-delay embedding process, but converted it to 
phase space in searching for temporal patterns. Keogh 
and Smith (1997) used piecewise linear segmentations to 
express templates, this method utilized probability to 
perform time series comparisons against a known 
template. Guralnik et al. (1998) developed a language 
called episodes to describe temporal patterns in time 
series data, they developed a highly efficient sequential 
pattern tree to define frequent episodes; like other 
scholars, they emphasized quick pattern finding which 
was consistent with previously defined templates. 
Consequently, the methods introduced by the above 
researchers all require previous knowledge of the 
temporal patterns being sought in order to define a 
template for a temporal pattern in advance. 

Faloutsos et al. (1994), Yi et al. (1998) and Agrawal et 
al. (1995) developed fast algorithms which, based on 
queries, could extract similar subsequences from large 
amounts of spatial and temporal data. Their work 
involved using discrete Fourier transform to produce a 
small set of important Fourier coefficients acting as 
effective indexes. Faloutsos et al. (1994) and Yi et al. 
(1998) further extended this by combining r*-tree (a type 
of space access method) with dynamic time warping. 

From previous research, the primary task in traditional 
time series data mining is to use prior knowledge to 
define a template for comparison. Alternatively, time 
series data is converted to different spaces to find the 
traits of the original time series and perform further data 
mining. The processing of time series is classified into 
numerical (Shao, 1998) and symbolic two methods 
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Figure 1. Concept of I-Ching. 

 
 
 
(Carrault et al., 2002). It is typically difficult to explain the 
mining results for numerical method, while the symbolic 
method usually requires space conversion experience 
and is difficult to incorporate quantified restrictions, and 
the symbolic methods sometime need a technique to 
convert the mining results back to numerical methods for 
quantitative predictions ultimately. 

In this study, we propose a novel and useful time series 
data mining method based on the concepts and principles 
of traditional Chinese I-Ching to explore the 
characteristics and hidden dynamic patterns that exist in 
a time series. In the following sections, we will first 
introduce concepts and principles of I-Ching, and then 
employ the concepts and principles of I-Ching to develop 
time series data mining methods, and lastly, a case study 
is presented to address the application of the proposed 
time series data mining method. 
 
 
METHODOLOGIES 

 
Concept of Chinese I-Ching 
 
I-Ching is a book of ancient Chinese culture addressing about 
“classic of changes”. The main theme of I-Ching exploded the 
concept of “origin of matters” and “evolution of matters”. I-Ching 
thinks that the origin of the matters is called “Tai-Chi” (the universe), 
which is the substance itself. The substance has two properties 
which exist simultaneously and are called “yin and yang”, which we 
also named “two forms” in I-Ching. “Yin” and “yang” are not 

mutually exclusive but co-existence just like photon; photon has two 
properties: “particle” (yang) and “wave” (yin) simultaneously, which 
 we named “duality” in modern physics. 

A substance that changes by itself is called the behavior of 
substance. Behavior also has two ways (yin and yang) of change, 
that is, “oscillation” (yang) and “radiation” (yin). Combining the two 
properties (yin and yang) and two behaviors (yin and yang) of 
substance will come into existence of four scenarios in I-Ching just 
like four types of power or energy in physics, that is, the inherent 
power of particle oscillation is the kinetic energy, the inherent power 

of particle radiation is the thermal energy, the inherent power of 
wave oscillation is potential energy, and the inherent power of wave 
radiation is the electromagnetic energy. The four kinds of power are 
expressed by four scenarios as “Wind”, “Fire”, “Water” and “Earth” 
in I-Ching and it is also called four elements in Buddhist. 

The four inherent powers of substance will also change by itself 
and that we called the dynamism of the substance. Dynamism has 
two ways of change (yin and yang), that is, “continuous” (yang) and 
“discrete” (yin). The change of power will occur in the form of force 

just like “field” in physics. Combining the four types of power and 
two ways of dynamism will come into existence of eight trigrams in 
I-Ching just like eight types of field in physics, that is, the 
continuous change of kinetic energy is the gravity field, the discrete 
change of kinetic energy is the aerodynamic field, the continuous 
change of thermal energy is the thermal-dynamic field, the discrete 
change of thermal energy is the chemical field, the continuous 
change of potential energy is the potential field, the discrete change 
of potential energy is the mechanical field, the continuous change 

of electromagnetic energy is the electronic field, and the discrete 
change of electromagnetic energy is the magnetic field. The eight 
fields are expressed by eight trigrams in I-Ching as “Heaven”, 
“Wind”, “Fire”, “Mountain”, “Lake”, “Water”, “Thunder”, and “Earth”. If 
we use “0” to indicate “yin” and use “1” to indicate “yang”, then we 
can convert the eight trigrams into symbols which are consisted of 
digits “0” and “1”, for example, “Heaven” can be expressed by the 
symbol “111”, and “Wind” can be expressed by the symbol “110”. 
The symbols of the eight trigrams are shown in Figure 1: 

The aforementioned eight trigrams also called “pre-eight-

trigrams” will change by themselves as well. The eight trigrams may 
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convert each other and the conversion is proceeding as a result of 
“outcome” over time, which we called “evolution of matters”. Any 
trigram can be converted to other trigram after three rounds of 
changes; the converted eight trigrams after three rounds of changes 
are called “post-eight-trigrams”. Combining the “pre-eight-trigrams” 
and “post-eight-trigrams” will come out 64 patterns which we called 
“64 hexgrams” in I-Ching. The 64 hexgrams can be used to 
interpret the evolution process of any changes of matters over time 
because I-Ching claims that even the subject matters seem to 
change almost randomly, however, after several times of evolution, 
the outcomes will fall into some finite patterns that we can 
understand and anticipate even we cannot predict it exactly. 
 

 
Chinese I-Ching principles 

 
I-Ching has three types of implications: “simplicity”, “changeability” 
and “invariance”. “Simplicity” suggests that the basic principles of all 
matters in the universe are simple regardless of how deep or 
complex those matters are, and one can simply employ the 
outcomes to understand the evolution process of the subject 
matters. Therefore, using the 64 hexgrams which are formed by 

concatenating the 4 consecutive outcomes of the subject matter as 
designed patterns to interpret the evolution process of the subject 
matter is promising in accordance with the principle of “simplicity” 
implied by I-Ching. This thinking also coincided with the concept of 
system dynamics that addressed in chaos theory which 
demonstrated how a simple set of deterministic relationships can 
produce patterned yet unpredictable outcomes (Levy, 1994). 

“Changeability” suggests that all things in the universe are never 
dormant, always changing and always cyclical. “Invariance” 

suggests that, though the universe experiences many changes, 
some immutable principles exist. Following the implications of I-
Ching, it is promising that the evolution of any subject matter over 
time can be explored and understood simply from the “outcomes” of 
the subject matter. One can derive the consecutive three rounds of 
“outcomes” from the subject matter as the “pre-eight-trigrams”, and 
combine the following three rounds of “outcomes” as the “post-
eight-trigrams” to form the 64 hexgrams with which to explore the 

evolution process of a time series that generated by the subject 
matter.  

  The idea of conducting time series data mining simply from 
the outcome of a time series is followed the implications and 
principles of I-Ching, which might be different from the other 
approaches such as model building or complex algorithms. If the 
subject matter always change randomly, then any models or 
algorithms will never help us to figure out what will happen exactly 
at the next moment according to system dynamics addressed in the 
theory of chaos, however, I-Ching addressed that no matter the 
randomness, the evolution of the subject matters will be confined to  
some patterns which we can understand and anticipate due to the 
nature of system dynamics. 

Regarding the patterns of time series data mining, this study 
employs “symbols” set forth in I-Ching as the foundation to convert 
time series data into “symbol space”, then using these “symbols” as 
patterns to perform time series clustering and to explore the 
characteristics of a special time series event. The methods and 
calculation rules are elucidated elaborately in the following sections 
and a case study will be introduced afterwards. 
 
 
Time series data mining 

 
This study employed the concept of I-Ching from traditional 
Chinese culture as a basis to deal the time series by converting the 

data into “symbols space”. Each “symbol” will be viewed as a type 
of “outcome”. The proportion of each “outcome” occurring was 
calculated  in  percentages  and  deem  it  as  the  probability  of  a 

  

 
 
 
distribution to calculate the “relative entropy”, and the “relative 
entropy” will be used as the similarity of two time series with which 
to produce the time series clusters. 

Furthermore, this study adopted a dynamic perspective to extend 
“static symbols” to “dynamic symbols” which evolved over time into 

a finite number of forms (or hexgrams) to uncover “frequent 
patterns” existed in time series data. In addition, this study 
attempted to explore the possibility of occurrence of a special event 
through investigating the evolution process of “dynamic patterns” in 
a time series. 
 
 
Symbol spaces 

 

In essence, using I-Ching as an exploration tool for time series 
involves forming the “eight trigrams” of I-Ching by combining the 
“yin-yang” of the universe (Chen et al., 2010) and then using the 
“hexagram symbols” derived from the eight trigrams as the tools to 
explore the dynamic evolution processes for the occurrence of a 
special event. As a result, if one is to use I-Ching as a basis for 
dealing with time series, the first task is to define “symbols” and 
then convert the time series into “symbol spaces”, that is, a 
sequence of symbols. The method and procedure for converting 
time series into symbols are explained thus. 

Consider a time series:  X = {xt, t = 1,……..,N}. Where, t is the 
time index and N is the total number of observed data. If 

1ttX xx
T

 is the change of two neighboring observed 

values in the time series tx  and 1tx , if
tx > 0, it is termed “yang” 

and is represented by the symbol “1”; otherwise, it is termed “yin” 

and is represented by the symbol “0.” The time series is then 
converted into a sequence of two symbols “1” and “0”. The 
embedded method is then used to convert three consecutive 
symbols into a trigram, allowing for the rolling conversion of a series 
previously consisting of only the symbols “1” and “0” into a series 
including eight types of “symbols”, meaning that “000” maps to “0” 
(Earth), “001” maps to “1” (Thunder), “010” maps to “2” (Water), 
“011” maps to “3” (Lake), “100” maps to “4” (Mountain), “101” maps 

to “5” (Fire), “110” maps to “6” (Wind), and “111” maps to “7” 
(Heaven). A time series is now converted into a “symbol space” in 
this way. For example, in a time series consisting of only “0” and “1” 
as “011010111000” can be converted into the sequence 
“3652537640”. The resulting sequences typically have two fewer 
observed values than the original. Figure 2 shows the symbol space 
encoding conversion algorithm for converting a time series into a 
“symbol space". 
 
 
Time series clustering 

 
After converting a time series into its corresponding embedded 
“symbol space”, the percentage of each “symbol” could be obtained 
by taking the counts of each symbol and dividing by the total counts 
of all symbols. Figure 3 shows the algorithm for calculating the 
symbol percentage:  If “symbols” are viewed as different levels of a 
categorical variable, then the percentage of “symbols” can be 

viewed as probabilities. For two different time series, relative 
entropy can be calculated to express the similarity between two 
series. The calculation formula for relative entropy is shown in 
Equation (1):  

 

)(

)(
log)()||(

sq

sp
spqpD

Ss

                        (1) 

 
Where S is the set of all symbols, and s is a symbol which belongs 
to S, D is the relative entropy between two probability functions p(s)  
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(1) begin 

(2) x(t): = observed value array in a time series 

(3) k: = number of observed values in a time series 

(4) )(sh : = index value of a divinatory symbol (0-7) 

(5) )(tm : = binary code array 

(6) s(j): = binary code string 

(7) v: = difference between two neighboring observed values in a time series 

(8) b(j): = symbol array after conversion 

(9) for t=1 to k-1          // time series array 

(10) v: = x(t+1) – x(t) 

(11) if v > 0 then        

(12) m(t) = 1        // set as 1 

(13) else 

(14) m(t) = 0        //set as 0 

(15) end if 

(16) end for 

(17) for j = 1 to k - 3        // binary code array 

(18) s(j) = m(j) & m(j+1) & m(j+2)   // concatenate three binary symbols 

(19) b(j) = h(s(j))         // map string to divinatory symbols 

(20) end for 

(21) end  
 
Figure 2. Divinatory symbol coding algorithm. 

 
 
 
and q(s), usually referred to as Kullback-Liebler distance. The 
implication of the Kullback-Liebler distance is that if data utilizes 
some distribution structure (Q) to perform coding and information 
transmission, then there will be extra information length compared 
to the correct distribution structure (P) to perform coding and 
information transmission. The more similar the two distributions are, 
the shorter the additional information length required. If they are 
completely identical, then the additional information length is 0, 
meaning that the D value is 0. Kullback-Liebler distance is used to 
measure the degree of similarity between two probability 
distributions. Consequently, for a time series dataset, calculating 

the average relative entropy, that is, 2/))||()||(( pqDqpD , 

between two time series yields a similarity matrix. Figure 4 shows 

the algorithm for average relative entropy calculation: A similarity 
matrix derived from calculation of Kullback-Liebler distance can be 
used to conduct the cluster analysis of time series datasets. 
Relative entropy is used as similarity to connect “items” of time 
series into clusters. Follow this procedure, a complete cluster 
structures of time series can finally be presented entirety. 
Meanwhile, this structure can also be used to detect and explain 
the correlation between two time series. Here, relative entropy is 

used as the similarity between two time series; lower value of 
relative entropy indicates greater similarity between two time series. 
When conducting the time series clustering, we can utilize the 

median distance method (Jobson, 1992) for similarity value 
adjustments after the connection of two time series, that is, the 
distance between the cluster that is formed by connecting two time 
series i and j with other time series l is calculated by Equation (2):  

 

ijjlill mmmm
4

1

2

1

2

1
          (2) 

 
Where ml is the new similarity between the time series l and the 
cluster formed by time series i and time series j, mil is the similarity 
between time series i and time series l, mjl is the similarity between 
time series j and time series l, and mij is the similarity between time 

series i and time series j. Figure 5 shows the algorithm for time 
series clustering: 
 
 
Time series dynamic patterns 
 

The aforementioned time series clustering method explores the 
“simplicity” part of I-Ching. This study also attempts to extend “static 

symbols” to “dynamic symbols” by concatenating more consecutive 
static symbols that are evolved over time. This study will explore the 
“frequent patterns” of time series in order to complete the 
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(1) begin 

(2) k: = total number in symbol array 

(3) l: = number of symbols    //set to 8 

(4) n(j): = number of outcomes for the jth symbol (initially 0) 

(5) b(j): = symbol array 

(6) p(j): = jth symbol percentage 

(7) for t=1 to k 

(8) n(b(t))++ 

(9) end for 

(10) for j = 1 to l        // number of symbols in array 

(11) p(j): = b(j) / k    // symbol percentage 

(12) end for 

(13) end  
 
Figure 3. Symbol percentage calculation algorithm. 

 
 
 

(1) begin 

(2) k: = symbol index value 

(3) l: = number of symbols    // set to 8 

(4) p(i,k): = the kth
 symbol percentage of the ith time series 

(5) d(i,j): = relative entropy of the ith time series and the jth time series 

(6) s(i,j): = similarity between the ith time series and the jth time series 

(6) for k = 1 to l         

(7) d(i,j) += p(i,k) * log2(p(i,k) / p(j,k)) 

(7) d(j,i) += p(j,k) * log2(p(j,k) / p(i,k)) 

(8) end for 

(8) s(i,j) = (d(i,j) + d(j,i)) / 2 

(9) end  
 
Figure 4. Time series relative entropy calculation algorithm 

 
 
 
“changeability” portion of I-Ching. As elucidated above, three 

consecutive digits of “0” and “1” can convert the time series into 
eight types of outcome or symbols. During the transition of symbols 
evolving over time, changes are limited to a few confined 

“outcomes”, since two neighboring symbols can only experience 

two outcomes. For example, a symbol “111” represents “Heaven”; 
when time passes, it can only become “Wind” as “110” (the last two 
digits 11 and concatenate a 0) or stay at “Heaven” as “111” (the last 
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(1) begin 

(2) C: = upper limit of relative entropy 

(3) Read in relative entropy matrix M 

(4) k: = total number of time series 

(5) n: = number of clusters(initially k) 

(6) q(l): = clusters to which time series l belong (initially 0) 

(7) s(n): = time series included in cluster n 

(8) w(n): = relative entropy of combining cluster n 

(9) for r =1 to k 

(10) qI: = 0    // at start, time series do not belong to any clusters 

(11) sI: = r    // cluster only includes one time series 

(12) end for  

(13) while true 

(14) begin 

(15) Select the minimum value n from M  // smaller value indicates greater similarity 

(16) if m > C then break  // m > C stops combination of time series 

(17) Determine the time series (or cluster) i,j corresponding to m 

(18) n++ 

(19) let s(n): = s(q[i]) union s(q[j])  //combine to produce new cluster 

(20) foreach time series l in s(n) 

(21) q(l): = n       // time series in cluster all designated new clusters 

(22) end foreach 

(23) Use Expression (2) to re-calculate the relative entropies (1) of time series (or 

clusters) in M other than i and j and add them to the nth row of M 

(24) Delete the data in the ith row and the jth column 

(25) w(n): = m 

(26) end 

(27) end  
 
Figure 5. Algorithm for time series clustering. 

 
 
 
two digits 11 and concatenate another 1). Following the same 
principle, “Fire” is represented by the symbol “101”, it can only 
change to “Lake” with symbol “011” or change to “Water” with 
symbol “010”. 

As a result, after three rounds of evolution in a symbol, it can 

become another “symbol” with a total of eight types of changes. In 
other words, if we start with “7” by symbol “111”, it can change to “6” 
by symbol “110” (the last two digits “1” and a “0” digit) or keep the 
same as “7” by symbol “111” (the last two digits “1” and another “1” 
digit); “6” represented by symbol “110” can change to “5” by symbol 
“101” or “4” by symbol “100”; “5” represented by symbol “101” can 
change to “3” by symbol “011” or “2” by symbol “010”; “4” 
represented by symbol “100” can change to “1” by symbol “001” or 
“0” by symbol “000”. Thus, beginning with “7” by symbol “111”, after 

three rounds of change will produce in total the eight patterns of 
“7777”, "7776”, “7765”, “7764”, “7653”, “7652”, “7641” and ”7640”. A 
total of 64 types of patterns can be produced from the eight types of 

“symbols”. These 64 patterns continually change to conduct the 
evolution process as a set of “dynamic symbols”, reflecting the 
implications of “changeability” in I-Ching. For example, the pattern 
“7640” indicates that the binary pattern “111” (trigram symbol “7” or 
“Heaven”), has transformed into the binary pattern “110” (the last 

two binary digits 11 concatenate with the next outcome 0 to form 
the trigram symbol “6”), then into binary pattern “100” (the last two 
binary digits 10 concatenate with the second outcome 0 to form the 
trigram symbol “4”), and finally transformed into “000” (the last two 
binary digits 00 concatenate with the third outcome 0 to form the 
trigram symbol “0”); the consecutive three “0s” of the outcome form 
the trigram symbol “0” (“Earth”); “7” (“Heaven”) is the “pre-eight-

trigrams” and “0” (“Earth”) is the “post-eight-trigrams”; combining 
the “pre-eight-trigrams” and “post-eight-trigrams”, one can get the 

“hexgram” of “tai” (expressed as Heavenpre-Earth
post

 in I-Ching). 
Appendix 1 gives a total of the 64 hexgrams symbols that map to 
the dynamic patterns. 
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Table 1. Piecewise segments of symbol space time 
series. 

 

Segment Symbol 

1 7,6,5,2,5,3 

2 7,6,4,1,2,4,1,3 

3 7 

4 7,6,5,3 

5 7,6,5,2,4 

6 0 

7 0 

8 0,1,3,7,6,4 

9 0 

10 0 

11 0 

12 0,1,2,5,2,5,2,4 

 
 
 
Using the 64 “hexgrams” as the patterns, it is possible to calculate 
the support-confidence for each pattern in a time series. Support is 
the percentage of occurrences for a particular pattern out of total 
pattern occurrences (typically the number of observed time series k 
– 5). Confidence is the percentage of a number of occurrences of a 
specific pattern out of the occurrence of the first “symbol”. For 
example, the confidence of the pattern “7640” is the percentage of 

“7640” occurring out of the total number of symbol “7”. 
 
 
Hidden Markov process 

 
One important research topic of time series data mining is using the 
hidden Markov model (HMM) as a tool to perform model 
combinations for knowledge discovery. HMM assumes that a 
specific number of hidden (unobservable) states exist in a dynamic 

system. The system may currently be in one of the specific states, 
and the “outcome” of the system is based on the current state of the 
system. However, it still lacks methodology to acknowledge that the 
system has changed from one state to another state. Based on the 
evolving patterns from the “dynamic symbols” described earlier, this 
study introduces a method that using “dynamic symbols” to uncover 
the event of hidden state changes. Of the “dynamic symbols,” only 
“Heaven” and “Earth” have the opportunity to maintain their current 

states, while the other “symbols” are transitional and unable to 
remain in the same state. In other words, only “111” or “000” can 
occur “111” or “000” repeatedly; other symbols will not repeatedly 
occur. As a result, an embedded time series can be separated into 
piecewise segments based on the occurrence of “7” and “0”. A 
piecewise segment is a sequence of symbols start with “7” or “0”. 
When piecewise segments originally with majority of “7s” converted 
into piecewise segments with majority of “0s”, or piecewise 
segments with almost even numbers of “7” and “0”, then it is 
acknowledged that the changes have occurred in hidden states. For 
instance, a time series in “symbol space” as “7, 6, 5, 2, 5, 3, 7, 6, 4, 
1, 2, 4, 1, 3, 7, 7, 6, 5, 3, 7, 6, 5, 2, 4, 0, 0, 0, 1, 3, 6, 4, 0, 0, 0, 0, 1, 
2, 5, 2, 5, 2, 4” can be divided into the piecewise segments as 
shown in Table 1. 

It can be seen from Table 1 that, following the 6
th
 segment, the 

symbols change from the “7” majority state to a “0” majority state. In  
terms of stocks market, the trend has changed from a bull to a bear 
market. When the timing of hidden state change is determined, 
“dynamic patterns” can be used to identify the traits of event 
occurrences in order to improve the prediction accuracy. The 

piecewise segment splitting algorithm of symbol series is shown in 
Figure 6. 

 
 

CASE STUDIES 
 
This study used the closing indices for the big-board and 
various stock classes of the Taiwan stock market from 
1995/08/01 to 2002/12/31 (a total of 1996 observed data) 
to conduct the time series data mining analysis study. 
 
 

Stock class cluster analysis 

 
The stock indices for the big-board and individual stock 
classes were converted to symbol series based on the  
symbol coding algorithm shown in Figure 2. The 
“outcome” values produced at this time contained eight 
types, from 0 to 7. The symbol percentage calculation 
algorithm in Figure 3 was used to calculate the outcome 
percentages for the big-board and each class of stock. 
Figure 4 shows the time series relative entropy 
calculation algorithm that was then used to obtain the 
relative entropy between pairs of time series, yielding 
similarity matrices for time series datasets. Finally, the 
times series clustering algorithm shown in Figure 5 was 
used to obtain time series clusters, the results are shown 
in Table 2. 

Following the time series clustering analysis of the big-
board and stock classes between 1995/08/01 and 
2002/12/31, seven clusters were produced. The first 
cluster includes electronics and electrical and 
engineering stocks, indicating that trends in these two 
classes of stocks are similar. The third cluster includes 
automobile and plastics stocks; these two classes are 
typically high-performing from traditional industries. The 
fifth cluster includes construction and tourism, both of 
which are related to domestic demand and may involve 
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(1) begin 

(2) k: = number of symbol arrays 

(3) p(j): = symbol array 

(4) s(i): = symbol piecewise segment array 

(5) i: = symbol piecewise segment array index 

(6) l: = segment start array index (initially 0) 

(7) seg: = symbol segment string 

(8) for j = 1 to k 

(9) if p(j) eq 0 or p(j) eq 7 then 

(10) i++ 

(11) seg : =string formed by p(l..(j-1)) 

(12) s(i) : = seg 

(13) l: = j 

(14) end if 

(15)  end for 

(16)  i++ 

(17)  seg : = string formed by p(l..k) 

(18)  s(i) : = seg   //final piecewise segment 

(19) end  
 
Figure 6. Symbol series piecewise segment splitting algorithm. 

 
 
 
cross-strait and “three links” issues between Taiwan and 
China. The seventh class includes financial and 
insurance stocks as well as, the big-board, indicating that 
the big-board index is reliant on financial and insurance 
stocks for gains. 

Taiwan stock market time series pattern analysis 
 
In addition, this study uses the aforementioned 64 types 
of “symbols” to conduct pattern analysis for the Taiwan 
stock market big-board, and the results are shown in 
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Table 2. Taiwanese stock market and stock class clustering (1995/08/01 – 2002/12/31). 
 

Cluster Stock class 

1 Electronics, mechanical and electrical 

2 Electrical machinery, rubber, retail and trade 

3 Automobiles, plastics 

4 Plastic and chemical engineering, steel, glass and ceramics, transport 

5 Construction, tourism, cement, cement and ceramics 

6 Other, not including financial indices, food, or chemical industry 

7 Finance and insurance, papermaking, electrical cables, textiles and fibers, overall market 

 
 
 

Table 3. Support-confidence of patterns in the Taiwan stock market big-board. 

 

Pattern S (%) C (%) Pattern S (%) C (%) Pattern S (%) C (%) Pattern S (%) C (%) 

7777 1.8 14.3 5377 1.5 12.5 3777 1.7 13.8 1377 1.8 14.2 

7776 1.7 13.1 5376 1.5 12.5 3776 1.6 13.4 1376 1.1 8.9 

7765 1.6 12.7 5365 1.4 11.7 3765 1.3 10.9 1365 1.4 11.0 

7764 1.7 13.1 5364 2.0 16.7 3764 1.3 10.9 1364 1.3 10.5 

7653 1.6 12.7 5253 1.4 11.7 3653 1.5 12.1 1253 2.0 15.8 

7652 1.3 10.4 5252 1.4 11.3 3652 1.4 11.3 1252 1.6 13.0 

7641 1.7 13.1 5241 1.3 10.8 3641 1.3 10.9 1241 1.7 13.4 

7640 1.3 10.4 5240 1.6 12.9 3640 2.0 16.7 1240 1.7 13.4 

6537 1.4 11.7 4137 1.5 12.1 2537 1.6 12.9 0000 1.8 12.5 

6536 1.7 13.8 4136 1.2 9.3 2536 1.8 14.1 0001 2.0 14.3 

6525 1.5 12.1 4125 1.8 14.2 2525 1.3 10.4 0013 1.7 11.8 

6524 1.2 10.0 4124 1.5 12.1 2524 1.7 13.3 0012 2.1 15.1 

6413 1.3 10.5 4013 1.2 9.7 2413 1.4 11.2 0137 1.4 9.7 

6412 1.7 14.2 4012 1.5 12.1 2412 1.6 12.4 0136 1.5 10.8 

6401 1.4 11.7 4001 1.8 14.2 2401 1.3 10.4 0125 1.8 12.9 

6400 1.9 15.9 4000 2.0 16.2 2400 1.9 14.9 0124 1.8 12.9 

 
 
 
Table 3. The “pattern” column includes 64 types of 
“dynamic symbols”. Each type corresponds to one 
symbol in I-Ching. For example, the first digit “7” in the 
pattern “7777” refers to “Heaven” of “pre-eight-trigrams”; 
while the latter three digits “7s” indicate its evolutionary 
process; in other words, the trigram “7” can be expressed 
in a binary format as “111”, if we choose the last two 
digits “11” and concatenate with a succeeding “1” (the 
outcome of the next day) to form the second “7”, and 
follow the same evolution rule, it comes into the third and 
fourth “7s”. As a result, after three rounds of evolution 
with the concatenation of succeeding “1”, that is, the 
outcome of the next 3 days are all “1”, result in the 
“Heaven” of “post-eight-trigrams”. Combining the 
“Heaven” in “pre-eight-trigrams” (the first digit of the 
pattern) with the “Heaven” in “post-eight-trigrams” (the 
last 3 digits of the pattern), one obtain the “Heavenpre-
Heaven

post
” “qián hexgram” which we expressed with a 

pattern “7777”. The same procedure can be used to 
reveal that the pattern “0124” corresponds to the 
“Earthpre-Thunder

post
” “yù hexgram” formed by combining 

the “Earth” in “pre-eight-trigrams” and the “Thunder” in 
“post-eight-trigrams”. 

It can be seen from Table 3 that the values of support-
confidence for all 64 patterns are quite similar, which 
implies that the dynamics will never converge to a static 
state due to the nature of the stock market as a chaotic 
system. Pattern “0012” has the highest support value of 
2.1; this pattern corresponds to “Earthpre-Water

post
” “bǐ 

hexgram”. According to the implication of I-Ching for the 
pattern of big-board of Taiwan stock market, this pattern 
indicates that only a small number of stocks maintain the 
transaction volume in a bear market and wait for the 
opportunity of market changes. This pattern constitutes 
about 2.1% of trading days in the stock market. In bear 
markets, the confidence that the stock market will exhibit 
this pattern “0012” is roughly 15.1%. 
 
 
Taiwan stock market time series trend analysis 
 
Furthermore, we attempt to explore the trend and the
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Table 4. Piecewise segment and trend analysis for the Taiwan stock market. 

 

Trend seg. no. 0 piecewise segments (%) 7 piecewise segments (%) Symbol 0 (%) Symbol 1 (%) Symbol 2 (%) Symbol 3 (%) Symbol 4 (%) Symbol 5 (%) Symbol 6 (%) Symbol 7 (%) 

1 0.28 0.72 0.061 0.101 0.120 0.143 0.107 0.157 0.143 0.162 

2 0.7 0.3 0.179 0.141 0.128 0.115 0.141 0.103 0.115 0.077 

3 0.4 0.6 0.083 0.097 0.125 0.153 0.097 0.167 0.153 0.125 

4 0.76 0.24 0.224 0.141 0.137 0.095 0.141 0.095 0.095 0.072 

5 0.4 0.6 0.109 0.122 0.122 0.119 0.122 0.119 0.119 0.166 

6 0.7 0.3 0.221 0.137 0.120 0.102 0.137 0.084 0.102 0.097 

7 0.35 0.65 0.087 0.094 0.101 0.152 0.101 0.152 0.152 0.159 

8 0.73 0.27 0.198 0.165 0.149 0.090 0.157 0.074 0.083 0.083 

 
 
 
traits of turning points using the dynamic symbols. 
This study used the piecewise segments of 
symbols to define the turning points for the Taiwan 
stock market. Turning points refer to the stock 
market transitioning from a bull market to a bear 
market, or vice versa. Figure 7 shows trends in 
the daily closing index from 1995/08/01 to 
2002/12/31. The Taiwan stock market experienced 
7 turning points, dividing the overall series into 8 
segments as marked on the graph. For each 
segment, this study utilized the symbol series 
piecewise segmentation splitting algorithm shown 
in Figure 6 to calculate the percentages of “0” and 
“7” from the piecewise segments. The results are 
shown in Table 4. 

The “Trend Segment number” column in Table 4 
refers to the eight stock market trend-segments in 
Figure 7. For each trend-segment, the “0 
piecewise segment %” column refers to the 
percentage of the piecewise-segments which start 
with symbol “0” out of the total numbers of 
piecewise-segment of the trend-segment. 
Similarly, the “7 piecewise-segment %” column 
refers to the percentage of the piecewise-
segments which start with symbol “7”. Trend-
segment 1 is an increasing segment, so the 
number of piecewise-segments starting with “7” 

significantly exceeds the number of piecewise-
segments starting with “0”. This trend-segment 
implies a “bull” market; the percentage of rises 
and falls in closing indices as compared to the 
previous day were 0.72: 0.28. Conversely, trend-
segment 2 is a falling segment; the number of 
piecewise-segments starting with “0” exceeds the 
number of piecewise-segments starting with “7”. 
This segment indicates a “bearish” trend; the 
proportion in rise-to-fall closing indices versus the 
previous day is 0.3: 0.7. In summary, trend-
segments 1, 3, 5, and 7 are bullish trends, while 
trend-segments 2, 4, 6, and 8 are bearish trends. 

The “symbol 0 to 7%” columns shown in Table 4 
are the percentage of each symbol occurred in the 
trend-segment. According to the hidden Markov 
model, if we assume that the stock market has 
two hidden states as “bullishness” versus 
bearishness”, then different “hidden states” will 
emerge different distribution of outcomes. 
Therefore, we infer that the trend-segments 1, 3, 
5, and 7 which are in the “bullish states” will have 
similar distribution of outcomes when compared 
with those in the “bearish state” for the trend-
segment 2, 4, 6, and 8. The time series relative 
entropy algorithm addressed in Figure 4 can be 
used to calculate the Kullback-Liebler distance 

between the 8 trend-segments and the results are 
shown in Table 5. 
In general, the distance (or similarity) between 
segments in the same “hidden state” will be 
relatively small when compared with segments in 
different “hidden states”. The results shown in 
Table 5 basically follow this rule except for the 
distance between segment 3 and 1 (0.090) when 
compared with the distance between segment 3 
and 2 (0.064). The reason is that one can find 
from Figure 7 that segment 3 was not a true 
increasing segment, but rather a bounce segment 
following the dip in segment 2, thus signifying that 
it was not a true “bullish” state. Segment 5 was 
also not a true “bullish state.” As can be seen from 
Figure 7, segment 5 was in a state of “adjustment” 
for a long period of time, and so produced a 
greater distance between itself and segment 7. As 
shown in Figure 7, this study used eight circles to 
mark turning points in market trends. Turning 
points have special meaning, since the market 
inverts at those points from “bullish” to “bearish” or 
vice versa. Turning points can be viewed as 
“special events”. If the signs of turning points are 
grasped in advance, then effective investment 
strategies can be utilized to buy low and sell high, 
producing greater investment returns. For the eight
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Table 5. Kullback-Liebler distances between Taiwan stock market trend segments. 
 

Segment 1 2 3 4 5 6 7 8 

1 0 0.135 0.088 0.201 0.063 0.174 0.044 0.312 

2 0.167 0 0.067 0.030 0.048 0.031 0.313 0.052 

3 0.090 0.064 0 0.083 0.063 0.060 0.132 0.155 

4 0.268 0.030 0.092 0 0.141 0.058 0.399 0.059 

5 0.060 0.045 0.069 0.136 0 0.086 0.174 0.165 

6 0.182 0.032 0.061 0.055 0.083 0 0.313 0.031 

7 0.041 0.256 0.119 0.282 0.176 0.294 0 0.481 

8 0.346 0.050 0.155 0.054 0.165 0.032 0.537 0 

 
 
 
 

 
 
Figure 6. Trends in Daily Closing Index of the Taiwanese Stock Market (1995/08/01 – 2003/12/31). 

 
 
 
market trend turning points, this study try to explore and 
identify some special traits of the turning points by using 
the “dynamic symbols” which are appeared before and 
after the turning point in the evolution progress. Table 6 
shows the results. 

In Table 6, turning points 1, 3, 5, and 7 evolve from 
rising trends to falling trends; while turning points 2, 4, 6, 
and 8 evolve from falling trends to rising trends. Table 6 
shows the selected five dynamic symbols before and 

after the turning points. It is shown that the symbols “xiǎo 
chù”, “duì” and “lí” occur at turning points 1, 5, and 7. 
Accordingly, we infer that if the symbols “xiǎo chù”, “duì” 
and “lí” occur in a rising trend, then a falling trend may be 
imminent. The symbols “zhèn”, “qiān” or “yù”, “qiān” 
followed by “méng” or “shī” occur at turning points 2, 4, 6, 
and 8. Accordingly, we infer that if the symbols “zhèn”, 
“qiān” or “yù”, “qiān” followed by “méng” or “shī” occur in 
a falling trend, then a rising trend may be imminent.  
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Table 6. Dynamic symbols close to turning points in Taiwan stock market trends. 
 

Turning point Dynamic symbols 

1 dà yǒu, xiǎo chù, duì, lí, xùn, duì, fēng, shēng, sǔn, yì, cuì 

2 dà zhuàng, dà chù, jié, zhèn, qiān, méng, yì, cuì, lǚ, jǐng, kuí 

3 lǚ, tóng rén, gòu, qián, qián, guài, dà zhuàng,dà chù, jié, shì kè, jiǎn 

4 jié,zhèn, qiān, shī, fù,bō, guān, cuì, lǚ, xùn, lǚ 

5 shì kè, jiàn, kùn, lí, xùn, lǚ, gé, dǐng, xiǎo chù, duì, lí, 

6 kūn, bō, bǐ, yù,qiān, shī, yí, bǐ, jìn, jiǎn, xiè 

7 duì, gòu, guài, dà yǒu,xiǎo chù, duì, lí, jǐng, guī mèi, míng yí, shī 

8 yù, qiān, méng, zhūn, yù, gèn, huàn, wú wàng, dùn, gòu, qián 

 
 
 

 
 

 
Figure 7. Daily closing index of Taiwan stock market (1995/08/01 – 2003/12/31). 

 
 
 
Turning point 3 is an upward bounce trend, so the 
information conveyed by the symbols cannot be 
determined. 

Moreover, this study extended the daily closing index of 
the Taiwan stock market to 2006/09/29 as shown in 
Figure 8. This graph includes three additional turning 
points. This study used the dynamic symbols “xiǎo chù, 
duì, lí” to anticipate the turning points from “bullish” to 

“bearish”; and used the dynamic symbols “yù, qiān, 
méng” “yù, qiān, shī” “zhèn, qiān, méng” or “zhèn, qiān, 
shī” to anticipate turning points from “bearish” to “bullish” 
A comparison with actual day index of the turning points 
was also performed and the results are shown in Table 7.  

In Table 7, the day index for the anticipated turning 
point 9 was 2,310 (with 1995/08/01 as the first day); the 
actual day index of the turning point 9 was 2,313, a 
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Figure 8. Closing index of Taiwan stock market (1995/08/01 – 2006/09/29). 

 
 
 

Table 7. Anticipations of turning points in extended trends for the Taiwan stock market.  

 

Turning point Dynamic symbols Anticipated day index Actual day index of the turning point Difference 

9 xiǎo chù, duì, lí 2310 2313 3 

10 yù, qiān, méng 2385 2392 7 

11 xiǎo chù, duì, lí 2814 2824 10 

 
 
 
difference of only 3 days. The differences between the 
anticipated day index and the actual day index for turning 
points 10 and 11 were only 7 and 10 days, respectively. 
These were fairly good anticipated results and it shows 
that using dynamic symbols in exploring the occurrence 
of a special invert event within a long-term trend is a 
promising approach for time series data mining. Here we 
use “anticipate” instead of “predict” to explain the results 
because we think the exact outcomes are unpredictable 
due to nature of a dynamic stock market according to the 
theory of chaos, while the similar evolution pattern of the 
subject matter is anticipated subject to the implication of 
I-Ching. 

CONCLUSIONS AND SUGGESTIONS 
 
This study adopted the concepts and principles of 
traditional Chinese culture I-Ching to introduce an 
innovative time series data mining analysis framework. 
This method first converted a time series into embedded 
“symbol space”, and one can calculate the percentage of 
each “symbol” and deemed the percentage as the 
outcome probability of a categorical random variable at 
different levels. Then, we can deal with the time series as 
a categorical random variable with specific distribution. 
One can calculate the relative entropy between any two 
time series and employ it as the similarity to conduct the  



 
 
 
 
time series cluster analysis. 

A total of 64 types of “dynamic symbols” can be 
identified from the embedded “symbol space” of a time 
series based on the concepts and principles of Chinese I-
Ching. These symbols can each be represented by one 
of 64 divinatory symbols from I-Ching and can be viewed 
as a pattern in time series to calculate its support-
confidence. Evolution of symbols can also be used in 
further to explore the change of “hidden state” in time 
series. 

This study introduced only a symbolic method. If 
researchers hope to conduct quantitative predictions, 
they can calculate the average value and variance of 
each pattern and treat each pattern as different model, 
then employ heuristic algorithm such as Genetic 
algorithms to estimate the model parameters of the 
combinational model so as to optimize the model.  

In addition, this study only takes into account the prices 
index. If researchers want to deal with the correlation 
between prices index and transaction volumes, then 
using the same methods proposed in this study to 
convert the time series of transaction volumes into 
volume symbol space. Afterwards, taking the volume 
symbol space as the “pre-eight-trigrams” and taking the 
prices symbol space as the “post-eight-trigrams”, one can 
combine these two symbol spaces to form the “dynamic 
patterns” in order to explore the evolving process of 
events.  
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Appendix 1. Mapping of dynamic patterns and symbols of I-Ching. 
 

Pattern Symbol  Pattern Symbol  Pattern Symbol  Pattern Symbol  

7777 qián 5377 tóng rén 3777 gòu 1377 dùn 

7776 guài 5376 gé 3776 dà guò 1376 xián 

7765 dà yǒu 5365 lí 3765 dǐng 1365 lǚ 

7764 dà zhuàng 5364 fēng 3764 héng 1364 xiǎo guò 

7653 xiǎo chù 5253 jiā rén 3653 xùn 1253 jiàn 

7652 xū 5252 jì jì 3652 jǐng 1252 jiǎn 

7641 dà chù 5241 bì 3641 kŭ 1241 gèn 

7640 tài 5240 míng yí 3640 shēng 1240 qiān 

6537 lǚ 4137 wú wàng 2537 sòng 0137 pǐ 

6536 duì 4136 suí 2536 kùn 0136 cuì 

6525 kuí 4125 shì kè 2525 wèi jì 0125 jìn 

6524 guī mèi 4124 zhèn 2524 xiè 0124 yù 

6413 zhōng fú 4013 yì 2413 huàn 0013 guān 

6412 jié 4012 zhūn 2412 kǎn 0012 bǐ 

6401 sǔn 4001 yí 2401 méng 0001 bō 

6400 lín 4000 fù 2400 shī 0000 kūn 

 
 
 
 


