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ABSTRACT

Value investing strategy is a main approach that has been widely examined in the academic field for
identifying stocks with good prospects. However, to implement this strategy in practice, it is unavoidable to
explore the implicit relationship among financial performance and subsequent stock returns for making
decisions. Thus, this research adopts a theoretical framework from the value investing strategy and
proposes an integrated Al (artificial intelligence) model to learn the complicated if-then rules for supporting
stock selection. The proposed Fuzzy-ANN model may leverage its superior learning capability of neural
network for modeling large amount of data, and the fuzzy inference system is used to retain the plausible
relationships among financial variables and stock movements. An empirical case is illustrated for how to
apply the proposed model in the Taiwan’s stock market. The selected value stocks (i.e., high value
portfolio) outperformed the market indexes (Taiwan 50 index and Taiwan stock exchange weighted index)
in various holding periods. To put risk factor into consideration, the high value portfolio also surpassed the
market indexes by using the Sharpe ratio measurement with statistical significance. The result indicates that
the proposed Fuzzy-ANN model is capable to select high value stocks with meaningful insights.

Keywords: Artificial Neural Network (ANN), Adaptive Neuro-Fuzzy Inference Systems (ANFIS),

Fundamental Analysis, Investment Strategy, F-score Model

1. INTRODUCTION

Stock selection problem is a critical issue in the
financial field. Graham and Dodd [1] claimed that
sometimes the inefficiency of market might cause a
stock to decline far below its intrinsic value, smart
investors could gain profits by selecting this type of
stocks, termed as value stocks. Because of the
outstanding investment records of Berkshire
Hathaway Inc., the value investing strategy has
gained enormous attention in financial market [2].
In academic research, high B/M (book-to-market
value) stocks are often categorized as value stocks.
Researchers intend to identify high B/M stocks with
good financial prospects by analyzing a variety
of accounting signals and historical data. However,
given the stock market’s volatility and complexity,
to conduct this strategy requires in-depth financial
knowledge and long enough experience in the stock
market. Although the use of relevant financial
information for assessing the prospects of a stock is
widely accepted, the opinions on which information
should be included and the ways of modeling are
divided. Conventional studies [3]-[4] often use a
regression model to capture changes in future
earnings, where earnings are considered as one of
the key factors in stock valuation. To focus on the

value investing strategy, [5] presented a well-
known F-score model, which included 9 financial
variables from 3 dimensions to differentiate
expected winners and losers. The aforementioned
studies often take the form of regression model to
examine the relative strength of financial variables
for discriminating value stocks, but the limitation of
regression model may only conclude consistent
relationships among all of the variables in the same
equation. Furthermore, the general assumption of
regression model requires independent relationship
among the financial variables, which is not realistic
in practice. To overcome the limitations, this study
proposes an integrated Fuzzy-ANN model to learn
the complicated rules among variables under

evaluation.
Aside from the conventional approach,
some Al techniques have been wused to

support investment decisions recently. Genetic
algorithm (GA), support vector machine (SVM) and
artificial neural network (ANN) technique were
adopted by some studies [6]-[8], but these studies
mainly addressed the forecast and analysis of price
movements without further financial implication.
Shen [9] tried to utilize ANN for modeling multiple
periods’ financial information for forecasting a
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stock’s earning persistence [10], but the black-box
learning process hampers its way to provide
meaningful input-output causal reasoning. In recent
years, some intelligent techniques have been
applied to form a hybrid or integrated model for
supporting investment decisions. For example, [11]
proposed a hybrid stock trading system based on
technical analysis by integrating GA, ANN, and
Fuzzy logics. Cheng et al. [12] introduced a fusion
ANFIS model based on stock volatility for stock
index forecasting. The use of hybrid or integrated
intelligent techniques may help to extend the
limitations of single method [13], but the
aforementioned  studies mainly focused on
retrieving trading rules from historical stock price
or trading volume movements. The analysis of
crucial financial information to retrieve rules for
value stock selection has not been explored.

Therefore, to bridge the gap, this study attempts
to integrate Al techniques with an accounting
model to implement value investing strategy. To
handle the imprecise relationships among financial
variables, fuzzy inference system (FIS) was applied
to integrate with ANN technique in the proposed
model. The use of FIS can help keep the
uncertainty for time-series forecasting and
evaluation [14]-[15], and the integrated Fuzzy-
ANN method is proposed to explore future stock
prospect.

An empirical case from the Taiwan’s stock
market is used to illustrate the selection of high
value stocks. After the screening of listed
companies in Taiwan’s stock market from 2008 to
2009, there were total 712 suitable samples stocks
included for analysis. In the first stage, a step-wise
regression model was constructed to select core
financial variables for the proposed model. And the
trained model evaluated the sample stocks for
selecting high value stocks in the second stage. A
portfolio comprising of 22 high value stocks is
compared with Taiwan 50 index (jointly designed
by the Taiwan Stock Exchange and FTSE Group)
and the Taiwan stock market index. After adjusting
risk factor by using the Sharpe ratio measurement,
the constructed high value portfolio outperforms
Taiwan 50 index and the market index significantly
in several holding periods.

The remaining part of the paper is organized as
follows. In Section 2, the literature review of value
investing and adopted Al techniques are presented.
In Section 3, the required steps for the Fuzzy-ANN
model are illustrated. In Section 4, construction and
evaluation of a high value portfolio are provided
and analyzed. In Section 5, findings and discussion

are presented. Finally, in Section 6, conclusions and
suggestion for the future research direction are
provided.

2. LITERATURE REVIEW

This section reviews related studies in
investment analysis including value investing
strategy and fundamental analysis. The Al
techniques mentioned in this study are also
discussed, including fuzzy inference, ANN and
ANFIS.

2.1 Value Investing and Fundamental Analysis
The value investing strategy is based on
fundamental analysis [16], or sometimes called
financial ratio analysis approach [17]. Fundamental
analysis ignores the trading information while
making evaluation, and focuses on the derived
information or signals from financial statements.
Various investing strategies could be found in the
thread of fundamental analysis [16], and the value
investing strategy is one of the most famous
strategies. In general, value investing often waits
until stock market becomes overly pessimistic to
offer low enough buy-in prices compared with the
intrinsic value of stocks. The recent financial
turmoil from 2008 offers a good timing to test this
strategy. To examine the value investing strategy,
[5] proposed the F-score model and chose 9
fundamental signals to measure 3 aspects of a
firm’s financial performance, and the F-score’s
conceptual framework is shown as in Figure 1:
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Figure 1: The Framework of F-score Model
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As the model aimed to discriminate generic high
B/M stocks with 9 financial signals, the
corresponding  dependent variable was the
subsequent stock performance. In this study, to
capture the direction of changes in financial
performance, a step-wise regression will be applied
in the first stage to screen in core financial
variables.

151


http://www.jatit.org/

Journal of Theoretical and Applied Information Technology
10™ May 2013. Vol. 51 No.1

© 2005 - 2013 JATIT & LLS. All rights reserved-

54

" A m—
A iil

ISSN: 1992-8645

www.jatit.org

E-ISSN: 1817-3195

2.2 Fuzzy Inference System and ANN

Due to the complicated characteristics of
investment, experts need to rely on their financial
knowledge and experience while considering the
complex evaluation process. Fuzzy inference
system is known for being capable to tolerate
imprecise data and to model nonlinear relationships
of high complexity [18]-[20]. Despite the superior
reasoning capability of fuzzy inference system for
making decisions under uncertainty, the fuzzy
technique is often criticized as how to define the
membership function (i.e., the degree of one
instance belongs to one or more categories). To
solve the issue for complex real-world problem,
researchers turn for the support from the other Al
techniques. One of the integrated methods takes the
advantage of ANN to form the membership
functions for rules in FIS, which is commonly
termed as neuro-fuzzy system. The neuro-fuzzy
system has been applied in various fields, and
several studies also introduced it for supporting
investment decisions [12]-[13]. The aforementioned
applications in investment mainly relied on the
neuro-fuzzy system for capturing trading rules from
the historical prices and volumes of stocks.
Although there have been some initiations of
studies in applying neuro-fuzzy inference system
for investment decisions, the previous studies put
their emphasis on the trading aspect [11]-[15].
Relatively speaking, a financial analysis based
neuro-fuzzy inference system is still unexplored.

3. PROPOSED MODEL

Considering the complexity of the learning
processes of fuzzy inference, the first stage aims to
reduce the potential rules by selecting core
variables from the original F-score model. By
applying the repetition of variable selection, the
step-wise regression model may choose the set of
variables that are most relevant for explaining the
subsequent holding period returns (HPRs) for
stocks. According to the previous study by [20], the
“ROE” variable may be used to replace the
“Accrual” variable to enhance the original F-score
model. In this study, the ROE variable is also
included for subsequent analysis. At each step, a
single variable either enters into the model or
leaves the model, decided by F-test value. After the
selection of core variables, the second stage adopts
the Fuzzy-ANN model for the learning of effective
rules. The Figure 2 shows the flow chart of the 2-
stage model, and the explicit steps are as follow:

152

Collect real market data based on F-Score Model

Conduct step-wise regression to select
core variables from F-Score model

__________________________

‘ Training set ‘ ‘ Testing set

‘ Train the ANFIS model ‘

Generate Fuzzy

Stage 2 Inference System

‘ Select lugh value stocks based on the system output

Figure 2: The 2-stage Processes for Value Stock
Selection

3.1 Select Core Variables from the F-score
Model

The regression model is examined by monitoring
the sum of square errors and observing the original
9 accounting signals from the F-Score in the step-
wise regression. In this study, the threshold F-value
for entering the model is set to be 3.5 after some
trial experiments.

3.2 Train the Fuzzy-ANN Model

In the second stage, the model maps the input
variable with the target dependent variable, which
is the subsequent HPR for each stock. The HPR is
defines as Eq. (1):

HPR=[(V,

M

where the Veng and Viyisia denote the ending value
and initial value of a stock respectively, Dperiod
represents pertaining dividend gains during the
holding period.

end initial

Vinilial )+ D :I /V

period

All of the selected core variables for each stock
from training period are mapped with their HPRs in
the subsequent time period. Thus, the trained model
could be applied for forecasting by using financial
data in current time period.

To train the Fuzzy-ANN model by modifying the
membership functions for each rule with the
corresponding outputs. The training process adjusts
the parameters to map the given input (core F-score
variables) and output (subsequent HPRs) data.
There are some fuzzy membership functions that
may be used, and the Gauss membership function is
famous for its widely adopted applications in
finance. The equation of the Gauss membership
function is as in Eq. (2). After choosing the type of
membership function, the number of membership
function for each input needs to be assigned. To
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reduce the complexity of the potential rules, the
number of membership function for each input is
set to be 3 or 4 in this study. As for learning
algorithm, both of the back-propagation and the
hybrid learning (a combination of least-squares and
back-propagation gradient descent method) were
used, and the superior learning outcome suggests
that the hybrid algorithm should be adopted. The
final output is calculated by linear combination, and
the equation is as in the Eq. (3). In this step, the
original data should be divided into two groups,
namely training set and testing set, respectively.
Only the training set data will be used for modeling,
and the testing data should be reserved for
validation purpose.

7(x—c)z
f(xo,c)=e Vi @)
where x denotes the random variable, & and c
represents standard deviation and central mean.
FinalOutput="" wz,/Y"" w, @)

where z is the output level of each rule, and w; is
the firing strength for a generic Sugeno-type fuzzy
system.

While the network converges to an acceptable
state, the post-training analysis may be taken to
examine the effectiveness of the model. The
acceptable state can be observed by monitoring the
plots of RMSE (root mean square error), to see if
the RMSE converges to a stable state. The model’s
output and the actual output may be plotted
altogether to examine the potential fitness. To
examine the stability of the training result, a 3-fold
cross validation was implemented. The historical
sample data was divided into 3 parts, while 2 of 3
parts are treated as the training set and the
remaining part is reckoned as testing set. The
validation processes is executed 3 times and the
purpose is to examine all of the parts. According to
Zhiyon, et al. [12], the k-fold cross validation may
generate better result because of its comprehensive
combinations. The RMSE may be expressed in Eq.
(4) and the k-fold cross validation is shown is Eq.
(5) respectively.

1 ~ 2
RSME = [ 2.(% =) (4)
where n is the number of outputs predicted, y; is
the predicted output and  §; is the expected output.

1«
True E =—>»  RSME.
rue Error = ijl ; )

where k is the number of folds, and the number is
set to be 3 in this study.

Evaluate the performance of the model’s selected
stocks. After the formation of the trained Fuzzy-
ANN model, the updated financial data may be
used as inputs to generate FIS output. The stocks
with high FIS system output (above selected
threshold) may be included to form a high value
portfolio.

4. EMPIRICAL ANALYSIS

Empirical data of this study were retrieved in the
TEJ (Taiwan Economics Database) from 2008 to
2011. The historical financial data in 2008 and
2009 were used for training the proposed model,
and the subsequent returns in 2010 and 2011 were
examined to assess the performance of the selected
stocks. After the exclusion of financial stocks and
screening out incomplete data, there were only 712
sample stocks left for 2009 and 2010. Based on the
concept of value investing strategy, the highest
40% B/M (Book-to-Market) ratio stocks in the
beginning of 2009 were selected as proxies of value
stocks (285 stocks) for further modeling. To test the
model’s effectiveness, 30% (85 stocks) of the high
B/M stocks were kept untouched as testing set.
Only about 70% high B/M sample stocks (200
stocks) were used for training.

In the first stage, a step-wise regression model
was developed to retrieve high influential variables
for further modeling. Except the variable CFO, the
other variables were all measured in percentage. To
prevent potential distortion in the modeling process,
the CFO variable was transformed to a range closer
to the other variables in the regression model. As
stated in the previous section, the threshold of F
value was set to be 3.5, and the selected 4 core
variables are CFO (cash flow from operation),
Aleverage, AMargin, and ATurn-Over. The
general description of the raw data for high B/M
stocks in 2009 is as in the Table 1.

Considering the reality that all Taiwan stocks’
annual financial statements should be released
before the end of April in each year, all of the
sample stocks’ financial ratios were collected for
the end of April 2009. The desired outputs in the
Fuzzy-ANN model were the following 12 or 24
months” HPRs of sample stocks. The HPRs of the
sample stocks were adjusted by the TEJ database to
eliminate the dividend effect. To evaluate the stock
selection capability of the proposed method, all of
the HPRs were benchmarked against the market
index (Taiwan stock exchange weighted index) and
a large-cap index (TW 50 index). In the second
stage of the modeling, the rule-based fuzzy
inference was comprised of 4 core variables, and
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the combination reached to 81 (the number of
membership functions for input variables CFO,
Aleverage, AMargin and ATurn-Over were all set
to be 3 after experiments) rules based on the setting
of fuzzy membership function. To obtain a better
structure setting for modeling, various membership
functions and learning algorithms were tested. After
experiments, the model employed the Levenberg-

Marquardt algorithm (one of the back-propagation
methods) with Gauss membership function, and the
constant output-type was found to be suitable for
the network structure. The training and testing
results of the two time periods by various
membership functions could be summarized as in
Table 2.

Table 1: Descriptive Statistics Of The High B/M Stocks In 2009

CFO Aleverage®  AMargin®  ATurn-Over HPR Observation
Average 30.69% 9.68% 187.73% 12.86% 23.12% 200 (training)
SD 74.5% 639.92% 1208.21% 17.00% 49.03% 200 (training)
Average 27.87% 103.69% 219.81% 8.95% 29.22% 85 (testing)
SD 47.37% 840.17% 716.22% 19.58% 42.95% 85 (testing)

The measurement time period for ALeverage, AMargin and ATurn-Over capture the change from 2008 to 2009.

Table 2: The RMSE Of The Training And Testing Models In Different Time Periods.

Membership  Output-type 12months 24months
function .. . .. .
training testing training testing
Triangular Constant 0.3789 0.4012 0.4010 0.6603
Triangular Linear 0.3032 >1 0.3126 >1
Gauss Constant 0.3466 0.5549 0.3710 0.9596
Gauss Linear 0.2727 >]1 0.2841 >1
Table 3: Monthly HPR Against The Market Index (unit:%)
HPR differences 6 months 12 months 18 months 24 months
(Hi-Value — TW50) 2.3838 5.1603" 3.92247 2.6488
(Hi-Value —Mkt) 1.9092 5.1078" 3.7612" 2.6603

“t-test was taken to indicate the significance at .1 levels with two-tailed testing.

Table 4: The Comparison of Profits in Different Time Periods

12 months (Jan2010~Dec2010)

24 months (Jan2010~Dec2011)

HPR Sharpe Ratio HPR Sharpe Ratio”
Hi-Value 110.42% 0.8894 66.57% 0.3383
TW 50 index 8.77% 0.3216 -11.77% 0.0163
MKkt index 9.58% 0.3424 -13.63% 0.0129

Tannual riskless rate was set to be 1% in the calculation.

In this study, the two most frequently used fuzzy
membership functions were applied, and the result
indicated that the Gauss membership function with
constant output-type generated the lowest RMSE in
the time period of 12 months. Thus, after several
experiments, the Fuzzy-ANN model with 12
months HPRs was selected for the subsequent
analysis. The RSME for the training period
converged at 0.3466 until 50 epochs, and the result
was shown as Figure 3:

Training Error

1083g

Epochs

Figure 3: The Training Error of the 12 Months Model
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The FIS output against the expected output for
the training set was checked, and the result seemed
to be acceptable for testing. To further examine the
model’s capability in mapping the desired output
and exact output, the FIS outputs for testing set
were plotted against the expected outputs as in
Figure 4:

Training data FIS

wndng

40

Figure 4: The FIS Output Against The Expected
Output In 12 Months Model

After the validation of the trained Fuzzy-ANN
model, the study further examined the stock
selection capability while applying to the real stock
market. The whole sample set was used to generate
FIS output. For those stocks with FIS output higher
than 0.5 were selected to form the Hi-Value (i.e.,
high value) portfolio with equal weights in the
portfolio (comprised of 22 stocks). The return
performance of the Hi-Value portfolio was
compared against the market index and the Taiwan
50 index in various time periods. The Taiwan 50
index comprises of 50 highly capitalized blue-chip
stocks and it represents nearly 70% of the Taiwan
stock market. To balance the evaluation in return
and risk, the Sharpe ratio as Eq. (6) was also
calculated to see if the Hi-Value portfolio
outperformed the market index considering risk
factor. The result was shown in the Table 3, and the
monthly HPR of the Hi-Value portfolio was plotted
to compare with the market indexes in the Figure 5.

| 2000
1500
(umit:%)
1000
—t TW50 index

—— Mkt index

HiVahue Por tolic

]

Figure 5: Monthly HPR Of Hi-Value Portfolio And
The Market Indexes.

PR, 1) 6)

Oy

H
Sharpe ratio = (

where HPR;, is the portfolio’s average holding-
period return, r is the riskless rate of return, and
o, (adjusted for risk factor) is the standard

deviation of HPR,,.

The monthly HPR (monthly HPR average)
of the Hi-Value portfolio outperformed both the
TW50 index and the market index in all of the 4
time periods, and the differences showed statistical
significance in 12 and 18 months. As the monthly
HPR of the Hi-Value portfolio seemed to reveal
higher volatility, to put the risk factor into
consideration, the HPR and the Sharpe ratio for 12
and 24 months were also calculated (in the Table 4).
The Sharpe ratio is commonly used in financial
industry to measure the performance of mutual
funds considering the balance in return and risk.

The Sharpe ratio may be interpreted as the
portfolio’s capability to earn premium per unit risk,
often regarded as risk-adjusted returns. In both of
the two time periods, Hi-Value portfolio
consistently showed better results. The HPR of Hi-
Value portfolio reached up to 66.57% in 24 months
as in Table 4, while the other two market indexes
all fall into negative returns in the same period.

5. FINDINGS AND DISCUSSIONS

To summarize, the 2-stage model generated a set
of fuzzy inference rules based on the core F-score
model. According to the concept of value investing
strategy, the set of fuzzy inference rules supported
to select high value stock for constructing a Hi-
Value portfolio. The result indicates that Hi-Value
portfolio earned higher HPRs in all of the time
periods, and the Hi-Value portfolio outperformed
the TW50 index and market index by using the
Sharpe ratio measurement. Aside from the superior
performance of the constructed Hi-Value portfolio,
the derived FIS rules also provided insights for
decision makers. Most of the derived rules from the
Fuzzy-ANN model are consistent to general
understanding in finance, such as:

{Rule: if CFO is “high” and Aleverage is
“low” and AMargin is “high” and ATurn-Over
is “middle”, then the subsequent HPR is
relatively high}.

Among the 81 rules, one of the rules that
indicated low subsequent HPR is worthwhile for
discussion, which is:
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{Rule: if CFO is “low” and AlLeverage is
“high” and” and AMargin is “low”, and ATurn-
Over is “high”, then the subsequent HPR is
relatively low}.

According to corporate finance, turnover comes
from operations and the other sources of revenues.
If a company increases its total turnover
significantly but its cash flow from operations is
relatively low, then the source of revenue and
income might need further examination. Also,
increased leverage and deteriorating margin often
imply the difficulties in business competition, and
this could be a negative sign for subsequent stock
performance. Compared with previous studies [11]-
[14] that utilized Al techniques for supporting
investment decisions, the derived reasoning rules
provide meaningful insights in finance for decision
makers, which is also the major contribution of the
proposed model.

6. CONCLUSIONS

In conventional studies that examine the
effectiveness of investing strategy, each financial
signal must be independent of the others in a
regression model. Therefore, the interactions and
imprecise relationships among financial variables
cannot be handled. To overcome the limitation of
conventional approach, this study proposes a
Fuzzy-ANN model for value-investing strategy. To
examine the effectiveness of the proposed model, a
high value portfolio was constructed from real
market data based on the model’s outputs. The
empirical data was retrieved in the Taiwan stock
market from 2008 to 2011. The historical data of
financial ratios in 2008 and 2009 were used for the
training purpose, and the HPRs of selected stocks in
2010 and 2011 were examined to evaluate the
return performance of the selected stocks (i.e., the
Hi-Value portfolio).

Although the result shows the effectiveness of
the proposed model, the study still has potential
limitations and bias. First, there may be a survival
bias, which only companies with complete financial
information in the database were included for the
empirical analysis. If a company reveals very high
B/M ratio and goes private in the subsequent 1 or 2
years, the extreme outcome would not be included
for modeling. Second, although the purpose of this
study is to implement the proposed Fuzzy-ANN
model for the value investing strategy, the derived
fuzzy rule-base could only select potential high
B/M stocks for the better prospects without
obtaining the pricing target for each stock. Future
research is suggested to explore this issue.
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