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Abstract

Due to the effects of many deterministic and stochastic factors, it has always been a challenging goal to gain good profits from the
stock market. Many methods based on different theories have been proposed in the past decades. However, there has been little
research about determining the temporal investment style (i.e., short term, middle term, or long term) for the stock. In this paper,
we propose a method to find suitable stock investment styles in terms of investment time. Firstly, biclustering is applied to a
matrix that is composed of technical indicators of each trading day to discover trading patterns (regarded as trading rules).
Subsequently a k-nearest neighbor (KNN) algorithm is employed to transform the trading rules to the trading actions (i.e., the buy,
sell, or no-action signals). Finally, a min-max and quantization strategy is designed for determination of the temporal investment
style of the stock. The proposed method was tested on 30 stocks from US bear, bull, and flat markets. The experimental results

validate its usefulness.

Keywords Machine learning - Biclustering - Technical analysis - Trading rules - Investment styles

Introduction

Ever since the appearance of stock market, it is an everlasting
challenging task to predict the trading point of the stock.
Despite the volatile nature of stock market, researchers still
find some hidden rules about the fluctuations of the stock price.
Now, there are two popular methods for stock analysis [1],
namely fundamental analysis and technical analysis.
Fundamental analysis focuses on the study of economic factors
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that influence the fluctuation of stock price. The factors include
the basic information of the companies such as profitability
and industry prospects. All the factors would be taken into
consideration when buying or selling a stock (https://en.
wikipedia.org/wiki/Technical analysis). The technical
analysis makes use of user-designed technical indicators to
reflect the moving trend of stock price.

The technical analysis is frequently used in the stock in-
vestment, as it is easy to understand and operate with the
indicators that can discover some signs of the price change.
It has been empirically and theoretically demonstrated that
learning technical indicators jointly always gains better per-
formance than learning each indicator independently [2, 3].

Several intelligent systems have shown excellent perfor-
mance in such field [3—11], for example, taking advantage of
the strong learning ability in nonlinear systems; the neural net-
work has widely been applied to the analysis of stock data.
Schierholt et al. [6] used many kinds of neural networks to
predict the fluctuation of stock price, achieving excellent per-
formance. Based on the historical price and transaction volume,
Potvin et al. [12] generated short-term trading rules by genetic
programming. The trading rules provide better performance
over the Buy-and-Hold [13] approach only when the market
does not rise. Due to the excellent inference ability of fuzzy
system, Chang and Liu [14] developed a fuzzy rule-based sys-
tem for the fluctuating prediction of stock price. Using the
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trading signals from the combination of several technical indi-
cators, Briza and Naval [15] proposed a trading system with
multi-objective particle swarm optimization. Considering the
advantage of “bull flag” technical charting heuristic, Leigh
et al. [16] proposed a recognizer. Experimental results show
the validity of trading rules mined by the recognizer. The
SVM was applied to the stock price movement by Huang
et al. [17]. It is superior in accuracy to linear/quadratic discrim-
inant analysis and BP neural networks. Besides, other technol-
ogies, e.g., Bayesian network [18-20] and logistic regression
[21] are also frequently used in this field.

In a review of existing algorithms, it is apparent that those
methods take into account many factors to obtain maximum
profit in varied investment terms. However, stocks always
show quite different behaviors in the price change. Some
stock may fluctuate greatly in a short investment term, while
some shows smoother change at the same time. In other
words, it is appropriate to hold some stocks for a long invest-
ment time but may be inappropriate for other stocks. This
phenomenon tells that there should be a temporal investment
style for every stock, and the discovery of those styles is nec-
essary before selecting a trading strategy.

However, little attention has been paid to mining the tem-
poral investment styles. Some researches [22—24] just consid-
ered the short-term investment, ignoring the middle- and long-
term trading strategies. In this paper, we propose to make use
of a biclustering-based intelligent trading strategy to deter-
mine the temporal investment styles for a set of stocks. The
biclustering method is applied to mine the trading rules from
the data matrix composed of the technical indicators and fu-
ture return rates. Each rule is the combination of technical
indicators with different time lengths. The trading rules are
used to discover the trading signals (i.e., buy, sell, or no ac-
tion). In the training periods, we can find the trading rules
corresponding to three investment terms, i.e., the short term,
middle term, and long term, respectively. Then these rules are
applied in the validation periods, and the temporal investment
style can be determined for each stock according to the profit
rates gained in the validation period. Finally, we use testing
periods to further evaluate the performance of the proposed
method in discovering the investment styles for the stocks.

The remaining sections of this paper are organized as fol-
lows. The “Methods” section describes the proposed method
in detail. The “Experiments and Results” section presents the
experimental method and the results. In the “Conclusions and
Future Work™ section, we summarize this work and propose
several future extensions.

Methods

As mentioned above, our objective is to find the temporal
investment styles for various stocks. If a stock has a specific
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style in terms of the investment term, investors can have a
prediction on how long they will hold it and hence avoid
missing important timing of transaction. Accordingly, given
a stock, the whole processing procedures are as follows, we
firstly discover the trading rules that can make good profits in
different investment terms (i.e., short term, middle term, and
long term) using its historical training data. Then we evaluate
the performance of the trading rules in different terms in the
validation data sets. If the trading rules could show good per-
formance for predicting the price trend and make good profits
in a specific investment term, we consider that the stock may
be of the investment style corresponding to the same term.
Furthermore, we apply the same trading rules to testing his-
torical trading data. If the similar performance could be
achieved in the testing data, we can then confirm the temporal
investment style for the stock; otherwise, the style for the
stock cannot be determined.

Data Preparation

The historical data was downloaded from (http://finance.
yahoo.com/). Figure 1 shows an example in the price
domain including the opening, highest, lowest and closing
prices, and the volume for every trading day. The rows
denote the trading days, and the columns denote the date,
opening, highest, lowest and closing prices, and the
transaction volume. As mentioned above, we need to
discover the trading rules based on the technical indicators
using the historical data. Therefore, with respect to the
method used in (https://en.wikipedia.org/wiki/Category:
Technical indicators), the historical data is transformed to a
new data matrix M in which the technical indicators are set as
the columns.

Table 1 gives 8 indicators selected for the computation of
M. A brief introduction and the time length used in this study
follow each indicator. A total of 31 technical indicators can
therefore be obtained as shown in Fig. 2. Given a data element
(7,/) in M, it corresponds to the value of the jth indicator on the
ith trading day. For example, let us take into account the indi-
cator ROC:

Roc = )

x 100% (1)
where cp(?) is the closing price of the rth trading day and cp(z-n)
is the closing price of the n days before the th trading day.
If n=6, the ROC(n) should be assigned with the element (z,
14) in M. For the computation of the other indicators,
please refer to (https://en.wikipedia.org/wiki/Category:
Technical indicators).

Because the most important factor of stock analysis is the
price trend of the stock, we use additional columns to indicate
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:t'gd: ch/%g/ifal data structure of Date Open Highest Lowest Close Volume
2011/11/3  13.97 14.68 13.60 14.65 1873430
2011/11/4  14.52 14.87 14.29 14.82 1637100
2011/11/7 1471 14.96 14.40 14.74 1533840
2011/11/8  14.93 15.17 14.69 15.08 1374320

the price trend in M. Like (https://en.wikipedia.org/wiki/
Category:Technical indicators), we compute the future
return rates (FRR) to reflect the fluctuation of stock price
and add it to M. To avoid the effect of noise, for the ith trading
day, we use the averaged closing price (ACP), i.e., the mean
price of its following # daily closing prices, as shown below:

n

P 2)
where CP,, denotes the closing price of the mth trading day, n
denotes the length of the future trading days to be taken into
account. We empirically set n to be 2, 5, and 22, for short-
term, middle-term, and long-term price trends, respectively.
Consequently, the FRR corresponding to the ith trading day

is computed with the following formula:

ACP;—CP;
P (3)

;

Accordingly, we can have 3 additional columns corre-
sponding to the FRRs for three investment terms. Figure 2
shows the construction of M, where the rows of the data ma-
trix are the trading days, the left 31 columns are the 31 tech-
nical indicators, and the rightmost 3 columns (columns 32—
34) are the three FRRs for short-term, middle-term, and long-
term investments, respectively.

Because the data scales are different for the technical indi-
cators, we perform the data normalization under every column

of indicator. The normalizing method adopted in this study is
the min-max strategy as follows:

Dota (i, /) Dimin(:5./)
Dinax (:5.7)=Diin (2 /)
where D 4(%, /) is the raw value of the technical indicator at the
ith row and jth column, D,,,,(:, /) is the maximum value of the
Jjth column, D,,;1(:, /) is the minimum value of the jth column,
and D,y (i, /) is the new value of D 4(i, /). After the normal-
ization, all the values are within the range [0, 1].

With the normalized M, we can discover the trading
patterns each of which can be regarded as a trading signal.
With respect to the FRR, the trading signals can be
grouped into three categories, i.e., buy, sell, and no action.
In other words, the FRR plays the role of class label.
Therefore, we further quantize the FRR values in M using
the following rule:

Dnew(i>j) = (4)

* 1: If FRR(iy) is greater than a predefined threshold 7, set
FRR(i,) to be 1, indicating that in the future trading days,
the stock price rises.

* 2:If FRR(iy) is less than —T;, set FRR(7,j) to be — 1, indi-
cating that in the future trading days, the stock price falls.

* 3: Otherwise, set FRR(i,/) to be 0, indicating that in the
future trading days, the stock price looks to be stable.

In this paper, the threshold 7; is empirically set to be 0.005.
With the labels denoted by the FRR, we can have a supervised
mining of trading patterns.

Fig. 2 The data matrix 2006/4/25
incorporating technical 2006/4/26
indicatorsand future returns
2006/4/27
2008/5/21
2008/5/22
2008/5/23
| SMA 6 SMA 10

UO 10 UO 284 )

Left 31 columns for technical indicator

Y T
Right 3 columns for three FRRs
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Table 1 Technical indicators

used as input variables Indicators ~ Description Variation of n days
SMA It computes the average price of a security SMA_6, SMA_10, SMA 12,
over a number of periods. SMA 24, SMA 30
RSI It measures the speed and change of price movements. RSI 6, RSI 12, RSI 18, RSI 24, RSI 30
%R It reflects the level of the close relative to the highest %R_6, %R _10, %R_20
high for the look-back period.
ROC It measures the percent change in price from one ROC_6,ROC_12, ROC 24, ROC_36
period to the next.
CCI It could be used to identify a new trend or wam CCL 6, CCI_12, CCI 14, CCI 28
against extreme conditions.
EMV It fluctuates above and below the zero line. EMV_6, EMV_12, EMV_14, EMV_28
SO It shows the location of the close relative to the high-low ~ SO_14, SO_28, SO_42
range over a set number of periods.
uo It designs to capture momentum across three UO_14, UO_28, U0 _42

different time frames.

Biclustering-Based Trading Pattern Discovery

From a long-time perspective, the fluctuating rule of stock
price may appear repeatedly with high possibility [25].
Therefore, we aim to find frequent patterns of the technical
indicators from the data matrix M mentioned above. Before
discovering the trading pattern in M, one may ask if a tradi-
tional clustering [26-31] works well. Note that in real trading,
the investor often make decisions according to a smaller num-
ber of technical indicators, implying some useful trading rules
do not include all technical indications. It makes us try to find
the patterns under a subset of technical indicators.

Fortunately, biclustering is a two-way clustering that clusters
the data from two dimensions (the row and the column) at the
same time [22, 32]. It can discover the local coherent pattern in
a two-dimensional data matrix. Thus, we apply the biclustering
method to M to find local coherent patterns (called biclusters),
each of which contains a subset of technical indicators and a
subset of trading days. Each bicluster represents a trading pat-
tern in this study and can be grouped into short term, middle
term, or long term category [25, 33-35]. In our biclustering
method, the minimum entropy score (MES) is used to evaluate
the biclusters. The computation is shown below:

> lﬂlogzl@ = 10gz('1)—l Y. p(i)logyp(i) (5)

ej=—
/ ieNg N N jeN
1
MES = — > e; 6
C| jezc ’ ©)

In Eq. 5, n denotes the number of the elements in the col-
umn, N, the number of the clusters in the column after ag-
glomerative hierarchical clustering, and p(i) the number of the
elements belonging to cluster 7 in the column. In Eq. 6, ¢;
denotes the entropy score of each column, and MES denotes
the mean entropy score of all columns. If MES is smaller than
a threshold 9, the bicluster is regarded as being valid. Except
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the criterion for evaluating the bicluster as shown in Eq. 6, we
follow the same biclustering method used in [36]. It is worth
noting that to remove noisy biclusters, we also set the mini-
mum rows of a bicluster to be 5, and the other parameters are
the same as in [36].

Figure 3 shows an example of the biclustering procedures
in this study. Given an original data matrix, the agglomerative
clustering is first applied to each column to find the clusters,
each of which may be part of a bicluster and is called bicluster
seed. The seed is then expanded to the whole columns to form
avery large bicluster. We thereafter delete the columns or rows
iteratively, until the residual score is not greater than the
predefined threshold. Finally, the bicluster with nearly con-
stant column values can be output as a trading pattern. Each
column in the final bicluster is averaged, and the mean values
form a vector called trading pattern vector. More technical
details can be found in [36].

A trading pattern can be deemed as a valid trading signal if
its corresponding FRRs show similar values with a confidence
value larger than 0.65. The label of the majority of FRRs is
assigned to the trading pattern as its label. We only consider
valid trading signals after the biclustering and use them to
generate trading rules and actions. In this study, a trading rule
denotes that if an input trading day is satisfied with a trading
pattern, then a trading signal occurs and the corresponding
trading action can be executed.

Determination of Trading Actions

In [25], the trading actions are made with respect to a method
incorporating the K-nearest neighbor (KNN) and the root-
mean-square (RMS) distance [25] between the values of the
technical indicators in the trading pattern and the values of the
technical indicators in an input trading day. The maximum
distance from the input trading day and a valid pattern is
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Fig. 3 An example for finding trading rule. (a) The normalized data
matrix M (for simplicity only one of the three FRRs is shown). (b)
Apply agglomerative hierarchical clustering to each column of M to
achieve many bicluster seeds. (¢) Store the bicluster seeds in a matrix
whose row is a bicluster seed. (d) Expand the first bicluster seed to the

limited to 0.1. We use a voting method that selects the trading
action according to the majority of the pattern labels.

In this study, the trading strategy is based on the assumption
that each time we buy the stock, the number of shares is the
same. It should be noted that the transaction fee is not taken into
account in this study. The trading strategy [37] is as follows:

1: Ifthere is no position, open a position on the next trading
day with the opening price when current trading day
meets a buy signal.

2: If a position exists, close it on the next trading day with
the opening price when meeting a sell signal.

3: If there is buy signal, but no sell signal, during the whole
period, sell the stock in the last trading day with closing price.

4: 1In other cases, there would not be transactions, so the
profit rate is set as 0.

5: Finally the profit rate is calculated as Eq. 8:

ops(i)—opb(i)
opb(i)

-0

=

I
Tt

whole columns. (e) Select submatrix containing the rows in bold. (f)
Delete the rows or columns till the MES is not greater than predefined
threshold, the columns and rows in gray are deleted. (g) Average each
column to obtain the trading pattern

where ops(7) is the opening price of the trading day when selling
the stock, opb(i) is the opening price of the trading day when
buying the stock, and # is the number of transactions composed
of a pair of buy and sell operations.

Determination of Temporal Stock Investment Style

In the above sections, we have introduced the method for auto-
matic trading based on biclustering mining. Given a stock, the
trading patterns discovered in the training period can be divided
into three groups, i.e., short term, middle term, and long term.
More specifically, if a trading pattern shows its validity with
short-term FRR labels, it is regarded as a short-term trading
pattern. Likewise, we use a triplet to represent the trading pat-
tern as Tp(Short, Mid, Long). Suppose that the triplet of a
trading pattern is Tp(1, 0, 0), it implies that the pattern is suit-
able for short-term investment but not suitable for mid-term and
long-term investments.

Given a stock, we can find many trading patterns from the
training periods. Because those patterns cannot always work
well for different markets, we further divide the training periods

@ Springer
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Validation data
in market ¥

Training patterns
Tp(Short, Mid, Long)

Training data in market
F(bear, bull or flat)

Testing data
in market F

Training patterns

Tp(Short, Mid, Long)

Profit with

Profit with
middle-term style

Profit with
long-term style

Profit with

Profit with
middle-term style

Profit with
long-term style

short-term style

short-term style

Quantification

QOs(Short, Mid, Long)

Correctly determined

Fig. 4 The flowchart for determining investment style

into three classes with respect to the flags of trend, i.e., the bull,
bear, and flat markets, which can be easily recognized from the
price curve. This implies that we only investigate the stock’s
temporal investment style within the same flag of trend.
Consequently, we select another historical period with the
same flag (called validation period) to validate whether trading

Table 2 Description of 10 stocks during bear market

\/

Quantification

Qs(Short, Mid, Long)

No

Cannot be determined

the stock using the discovered patterns can make good profit in a
specific term. For example, if the long-term patterns work well
and can make good profit in the validation period, we can pre-
liminarily regard the stock as a good long-term investment ob-
jective. Accordingly, a quadruple for stocks is defined as
Qs(Short, Mid, Long, flag). A stock may be a good investment

Stock name

Training period

Validation period

Testing period

Fossil Group (FOSL)

Cognizant Technology Solutions (CTSH)

Bed Bath & Beyond (BBBY)

Verizon communications (VZ)

AT&T (T)

Merck & Co (MRK)

International Business Machines (IBM)

HP (HPQ)

3D Systems (DDD)

VanEck Vectors High Inc. Infras MLP ETF((YMLI)

2015/2/5-2015/11/23
2007/4/17-2008/2/4
2015/3/30-2016/1/18
2000/6/6-2001/3/26
2001/1/10-2001/11/4
2001/1/17-2001/11/8
2014/6/30-2015/4/20
2010/6/8-2011/3/25
2014/3/12-2014/12/29
2014/5/12-2015/3/2

2015/11/24-2016/4/20
2008/2/5-2008/6/27
2016/1/19-2016/6/10
2001/3/27-2001/8/17
2001/11/5-2002/4/2
2001/11/9-2002/4/8
2015/4/21-2015/9/11
2011/3/28-2011/8/18
2014/12/30-2015/5/26
2015/3/3-2015/7/24

2016/4/21-2016/9/13
2008/6/30-2008/11/19
2016/6/14-2016/11/3
2001/8/20-2001/8/20
2002/4/3-2002/8/23
2002/4/9-2002/8/29
2015/9/14-2016/2/5
2011/8/19-2012/1/12
2015/5/27-2015/10/16
2015/7/27-2015/12/16
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Table 3 Description of the stocks

during flat market Stock name

Training period

Validation period

Testing period

Caterpillar. (CAT)
Home Depot (HD)
Walt Disney (DIS)
Chevron (CVX)
Equinix (EQIX)
NVIDIA (NVDA)
Paychex (PAYX)
Travelers (TRV)

Tractor Supply Company
(TSCO)
Walmart (WMT)

1998/2/11-1998/11/30
2003/9/15-2004/7/6
2001/11/26-2002/9/16
1998/5/26-1999/3/15
2003/9/29-2004/7/20
2011/12/5-2012/9/24
2009/2/11-2009/11/30
2007/6/18-2008/4/7
2004/5/3-2005/2/18

2012/10/1-2013/7/24

1998/12/1-1999/4/27
2004/7/7-2004/11/26
2002/9/17-2003/2/10
1999/3/16-1999/8/6
2004/7/21-2004/12/10
2012/9/25-2013/2/21
2009/12/1-2010/4/27
2008/4/8-2008/8/28
2005/2/22-2005/7/15

2013/7/25-2013/12/16

1999/4/28-1999/9/20
2004/11/29-2005/4/22
2003/2/11-2003/7/7
1999/8/9-1999/12/30
2004/12/13-2005/5/6
2013/2/22-2013/7/17
2010/4/28-2010/9/20
2008/8/29-2009/1/23
2005/7/18-2005/12/7

2013/12/17-2014/5/13

objective for more than one investment term. Likewise, a stock
may not be a good investment objective for all investment terms.
In order to determine whether the stock is suitable for short-
term, middle-term, or long-term investment with a market flag,
we randomly select a number of stocks and compare their profit
rates using the patterns corresponding to the three investment
terms in the validation periods. To simplify the problem, we just
normalize the profits gained for all stocks into the range of [0, 1].
Then, we evenly divide the range into thirds and set the stocks
whose profits fall into [0, 0.33] to be — 1, those whose profits fall
into [0.34, 0.66] to be 0, and those whose profits fall into [0.67, 1]
to be 1. After this quantization procedure, every stock can have a
label corresponding to each investment term for a specific flag.
The quadruples for all stocks can be preliminarily constructed.
However, the quadruples may not always be correct for any
trading periods and we need to further testify them. To this
end, we select a new trading period called testing period for
each stock. If one of the term labels in the quadruple computed
from the testing periods is the same as that computed from the
validation periods, we consider that the stock’s temporal in-
vestment style as for the corresponding term can be eventually
determined. In contrast, if no term label is matched between

Table 4  Description of the stocks during bull market

the validation and testing periods, the style cannot be deter-
mined, implying that the stock may have greatly varied the
fluctuation patterns in various investment terms. Please note
that we consider the temporal investment style of a stock can
be determined if at least one term label can be matched be-
tween the validation and testing periods. This is the key idea
proposed in this study and is summarized in Fig. 4.

Experiments and Results
Dataset

To evaluate the performance of the proposed method, three ex-
periments were designed. As shown in Tables 2, 3, and 4, we
have selected 30 stocks from the US stock markets from various
time points during 1998-2018. The stocks were selected from
different indices and different industries. As mentioned above,
the situation of stock market can be categorized into three groups,
namely bear market, flat market, and bull market. There is a
detailed description on the training period, validation period,
and testing period in the datasets during the bear market in

Stock name Training period Validation period Testing period
Alphabet (GOOG) 2012/3/27-2013/1/16 2013/1/17-2013/6/12 2013/6/13-2013/11/4
Exxon Mobil Corporation (XOM) 2003/8/28-2004/6/18 2004/6/21-2004/11/10 2004/11/11-2005/4/7
Apple (AAPL) 2013/7/1-2014/4/21 2014/4/22-2014/9/12 2014/9/15-2015/2/6

Check Point Software technologies(CHKP)
Dollar Tree (DLTR)

Expeditors International of Washington (EXPD)
Fiserv (FISV)

SBA Communications (SBAC)

DENTSPLY SIRONA (XRAY)

Boeing (BA)

2013/6/10-2014/3/28
2010/8/23-2011/6/10
2016/3/15-2016/12/30
2013/3/26-2014/1/13
2011/11/18-2012/9/10
2003/6/17-2004/4/5
2016/8/9-2017/5/30

2014/3/31-2014/8/21
2011/6/13-2011/11/2
2017/1/3-2017/5/26
2014/1/14-2014/6/9
2012/9/11-2013/2/6
2004/4/6-2004/8/30
2017/5/31-2017/10/20

2014/8/22-2015/1/15
2011/11/3-2012/3/29
2017/5/30-2017/10/19
2014/6/10-2014/10/30
2013/2/7-2013/7/2
2004/8/31-2005/1/24
2017/10/23-2018/3/19
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Table 2. Likewise, Tables 3 and 4 present the detailed informa-
tion about the datasets corresponding to flat market and bull
market, respectively. The durations for the training, validation,
and testing of 30 stocks are the same, i.e., 203, 101, and 101
trading days, respectively.

The program was implemented with MATLAB
(MatlabR2014a) and run on Windows10 64 bits Platform with a
configuration of Core 15-8250 U and 8§ GB memory. After training
for each stock, many trading rules corresponding to short-term,
middle-term, and long-term investment styles could be obtained.

Experimental Results

In the validation and testing experiments, the results are obtain-
ed using the period setting in Tables 2, 3, and 4. On average, the
runtime for training the trading rules is 16 min for each stock,
and the memory space occupied is about 600 MB. Tables 5, 6,
and 7 collect the results obtained over all runs on the validation
and testing experiments. Please note that we evenly select 10
stocks for the bull, bear, and flat markets, respectively, in order
to avoid occasionality.

The results in Table 5 show that there are 8 stocks each of
which has at least one term-wise match in the bear market.
Table 6 shows that there are 8 stocks each of which has at least
one term-wise match in the flat market. Table 7 shows that there
are 9 stocks each of which has at least one term-wise match in
the bull market. Therefore, the total accuracy in the 30 stocks is
83.34%. From the results, we can see that not all stocks can
have temporal investment style and almost no stock can have
the same behaviors in the validation and testing periods for all
of the three investment terms. It indicates that the great random-
ness of the price change exists for all stocks. However, we can
still find some stocks that have similar behaviors in the valida-
tion and testing periods for one or two specific terms. This can
provide a useful hint for the investors to make corresponding
allocations of the capital for different investment terms.

Table 6 Results in flat market

Stock Validation Test Match

name Qs(s, m, 1, f) Qs(s, m, 1, f)

CAT (1, 1, -1, flat) (1, 1, 0, flat) Y (short, mid)
HD (—1,0,0, flat) (0, 0, 0, flat) Y (mid, long)
DIS (-1,—-1,—1,flat) (0,1, 0, flat) N

CVX (0, 1, 0, flat) (-1, 1,0, flat) Y (mid, long)
EQIX (1, 0, 1, flat) (1, 1, 1, flat) Y (short, long)
NVDA (1,0, 0, flat) (1,0, 1, flat) Y (mid)
PAYX (-1,-1,-1,flaty (—1,—1,—1,flat) Y(short, mid, long)
TRV (=1,-1,0, flat) (1, 1, 0, flat) Y(long)
TSCO (-1, 1,0, flat) 0, 1, 1, flat) Y (mid)
WMT (—1,—1,—1,1flat) (0, 1,0, flat) N

Conclusions and Future Work

In this paper, a novel idea is put forward to analyze the temporal
investment style for stocks. The key steps include biclustering
the technical indicators of the trading data to discover trading
patterns and trading rules, determining the temporal investment
style by validating the trading rules in various trading terms and
testifying the styles in the testing periods. If the profit rates can
be matched in the validation and testing periods, the corre-
sponding term-wise investment style is eventually determined.
Experimental results show that the proposed method could de-
termine the investment style for some US stocks.

However, this study is quite preliminary because the dis-
covered investment styles for those stocks were not fully ver-
ified using more trading data. In addition, the trading rules and
strategy may not be the best choice in real financial markets.
The data matrix for mining the trading patterns is relatively
small and more technical indicators should be taken into ac-
count in our future work. The three investment terms were
empirically selected, and we will test more possible parame-
ters. More importantly, the current method for the

Table 5 Results in bear market Table 7  Results in bull market
Stock name  Validation Test Match Stock  Validation Test Match
Qs(s, m, 1, f) Qs(s, m, 1, f) name Qs(s, m, 1, f) Qs(s, m, 1, f)
FOSL (1,0, 1, bear) (1, 1, 1, bear) Y (short, long) GOOG (-1,—-1,-L,bull) (=1,—1,—1,bull) Y(short, mid, long)
CTSH (—1,—1, 1, bear) (1, 1, 1, bear) Y (long) XOM  (0,—1,—1, bull) (—=1,—1,1,bull)  Y(mid)
BBBY (- 1,0, 0, bear) (0, 1, 1, bear) N AAPL (1,0, 0, bull) (=1,0,—1,bull)  Y(mid)
\%4 (- 1,1, 1, bear) (1, 1, 1, bear) Y (mid, long) CHKP (-1,—-1,—-L,bull) (-1, O, 0, bull) Y (short)
T (-1,—1,—1,bear) (0,—1,0,bear) Y (mid) DLTR (1,1, 1, bull) (1,1, 1, bull) Y (mid, long)
MRK (—=1,—1, 1, bear) (0, 1, 1, bear) Y (long) EXPD (-1,—1,—1L,bull) (—1,0,0,bull) Y (short)
IBM (—=1,—1, 0, bear) (0, 0, 1, bear) N FISV  (-1,—-1,—-1L,bull) (—1,0,0,bull) Y (short)
HPQ (—1,0,—1, bear) (=1,1,—1,bear) Y(short, long) SBAC (- 1,0,0, bull) (=1, 0,0, bull) Y (short, mid, long)
DDD (0, 1, 0, bear) (0, -1, 1, bear) Y (short) XRAY (—1,-1,—1,bull) (1,0,0,bull) N
YMLI (—1,0,0, bear) (0, 1, 0, bear) Y (long) BA (0, 1,1, bull) (—=1,1, 1, bull) Y (mid, long)
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determination of the temporal investment style can be im-
proved by incorporating more reasonable inference and
multi-view learning methods [38, 39] in the future study.
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