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Abstract - Forecasting changes in stock market prices play a critical
role in the development of company. However, predicting stock prices
is a difficult problem because of the complexity of the stock market
data. Therefore, the objective of this paper is to propose an optimized
machine learmning regression sliding-window model for forecasting
stock prices for construction companies. The proposed model
integrates the firefly algorithm (FA) and the least squares support
vector regression (LSSVR). The FA automatically fine-tunes the hyper-
parameters of the LSSVR to construct an optimized LSSVR model.
The developed model is called the FA-LSSVM. This investigation uses
stock datasets of construction companies in Taiwan; namely 2545.TW,
2597.TW and 5534.TW to verify the effectiveness of the proposed
model. The results reveal that for 2597.TW stock price dataset, the FA-
LSSVM model obtains highest performance with a root mean square
error (RMSE) of 1.548, a mean absolute error (MAE) of 0.617, a mean
absolute percentage error (MAPE) of 1.372%, and a mean square
error (MSE) of 2.396. Therefore, the proposed model is a promising
predicting technigue for non-linear time series.

Key words - Stock market prices; sliding-window; machine
learning; firefly algorithm; least squares support vector regression;
time series.

1. Introduction

Stock prices are one of the most challenging
applications of time series forecasting. Stock prices are
predicted to determine the future value of companies’ stock
or other financial instruments. Therefore, there are more and
more numerous models which have been proposed to
provide the investors with precise predictions in stock
prices. For example, Oh and Kim (2002) [1] presented
backpropagation neural networks that incorporated chaotic
and piecewise techniques to deal with problems of
predicting stock markets. Leigh et al. (2002) [2] combined
pattern recognition with neural networks to predict the New
York Stock Exchange Composite index. Autoregressive
integrated moving average (ARIMA) technique, which is
one of a time series-based approaches, have been widely
used in forecasting stock price data. However, ARIMA
models cannot easily solve nonlinear patterns. Therefore,
such linear models do not always satisfactorily approximate
complex real-world problems [3, 4].

Machine learning (ML) technique is another method for
nonlinear modeling, such as the support vector machines
(SVMs) algorithm. Support vector regression (SVR). A
variant of the SVM, was developed by Vapnil et al. (1995)
[5]. However, one of main challenges for the classical SVR
is its high computational complexity, because the
algorithm involves constrained optimization programming.
The least square support vector regression (LSSVR) is a
highly enhanced machine-learning technique with many

Toém tat - Dy doan thay ddi gia cb phiéu dong vai tro quan trong
trong sw phat trlen cla cong ty. Nhwng dy doan g|a cb phiéu rat
khé khan vi sé liéu cla no rat phuc tap. Muc dich cula bai bao la
dé& xuét mo hinh dw doan gia cd phiéu cac cong ty xay dung dya
vao ctra sb trwot va hdi quy may hoc téi wu. M6 hinh lién két gitra
thuat toan dom dém va binh phwong vec-tor hé tro hoi quy.
FA giup diéu chinh hé sb ctia LSSVR. Mé hinh dwa ra goi la
FA-LSSVM. Nghién clru st¢ dung di¥ liéu gia cd phiéu mét sé cong
ty xay dung Dai Loan; 2545.TW, 2597.TW va 5534.TW; dé lam r6
tinh hiéu qua ctia md hinh. Két qua cho thdy déi véi di liéu
2597.TW, md hinh FA-LSSVM dat két qua tét nhat vé&i sai sé tiéu
chuan 1,548, sai sb binh phuwong tuyét déi 0,617, phan tram sai s
binh phwong tuyét déi 1,372%, va sai sb toan phwong trung binh
2,396. Vi vay, mé hinh dé xuét 1a cdng cu dv bao dang mong doi
cho van dé chubi thdi gian phi tuyén tinh.

T khoa - Gia thi trwdng chirng khoan; clra §6 tregt; may hoc;
thuat toan con dom dém; binh phwong vector ho trg' hoi quy; chudi
thoi gian.

advanced features that support abstract generalization and
fast computation [6]. To improve the predictive accuracy
of the LSSVR model, the parameters of the LSSVR must
be optimized because the performance of the LSSVR
depends on the selected regularization parameter (C) and
the kernel function parameter (o), which are called LSSVR
hyper-parameters.

Thanks to the development of artificial intelligence
(Al) technology, many intelligent algorithms are now used
in parameter optimization, including the genetic algorithm
(GA) and the particle swarm optimization algorithm
(PSO). Notably, firefly algorithm, which is a nature-
inspired metaheuristic method, has recently performed
extremely well in solving various optimization problems
such as stock price forecasting [7] and electricity price
prediction [8]. Many studies have also shown that the FA
can solve optimization problems more efficiently than can
conventional algorithms, including GA and PSO [9, 10].

Thus, this work develops an intelligent time series
prediction model using sliding-window metaheuristic
optimization. The proposed model integrates firefly
algorithm and least squares support vector regression (FA-
LSSVR) to forecast the prices of construction corporate
stocks, which is an unsolved problem in the field of stock
price prediction. Moreover, to validate the effectiveness of
proposed model, this paper uses several datasets
concerning stock prices in construction companies and
compares them to experimental results.
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The remainder of this paper is organized as follows.
Section 2 elucidates the sliding-window, LSSVR, FA, and
the predictive evaluation methods. The collection and
preprocess of stock price datasets, and analytical results are
mentioned in Section 3. Finally, conclusions are given in
Section 4.

2. Methodology

In time series prediction, the time series are typically
expanded into three or higher-dimensional space to exploit
the information that is implicit in them. Selecting a suitable
pairing of embedding dimension m (lag) and time delay T is
very important for phase space reconstruction [11]. In this
study, the optimum values of the embedding parameters are
determined by performing a sensitivity analysis.

The LSSVR approach proposed by Suykens et al. (2002)
[12] is a well-developed ML technique. However, the
prediction accuracy of the LSSVR is highly dependent on the
determination of its hyper-parameters. Therefore, as a part of
this study, the enhanced FA algorithm is developed to
optimize LSSVR hyper-parameters, i.e., the regularization
parameter (C) and the sigma of the RBF kernel (o).

Firefly algorithm (FA) is a modern heuristic algorithm
proposed by the Yang in 2008 [13]. In optimization
problems, each firefly represents a potential solution, and
absolute light intensity of firefly is associated with fitness
function. The core idea of FA is that a firefly with greater
light intensity will attract other fireflies with less light
intensities. Moreover, the brightest firefly will move
randomly in a certain range [14].

In this work, the FA is chosen as the training algorithm
to enhance the efficiency and reduce the computational
burden on the LSSVR. A novel FA-LSSVR model can be
formulated to achieve fast and accurate prediction results.

The performance measures that are used to assess the
predictive accuracy of the proposed system include the root
mean square error (RMSE), the mean absolute error

(MAE), the mean absolute percentage error (MAPE), the
synthesis index (SI), and the mean square error (MSE).
These indexes are used to measure whether the predicted
values are close to the actual values.

3. Data preparation and analytical results
3.1. Data preparation

Historical daily prices are taken from Yahoo! Finance,
a publicly accessible website by Xiong et al. (2014) [7].
Daily data in six years (5th October, 2011 to 31st May
2017) of on four stocks - Highwealth Construction Corp.
(2542.TW), Huang Hsiang Construction Corporation
(2545.TW), Ruentex Engineering & Construction Co., Ltd.
(2597.TW) and Chong Hong Construction Co., Ltd.
(5534.TW) — were downloaded from Yahoo! Finance. The
data was closing stock prices. 2542.TW, 2545.TW,
2597.TW, and 5534.TW stock datasets provide important
indicators of the overall performance of the construction
market in Taiwan. Table 1 presents details about the stocks
and the number of data instances for each stock.

Table 1. Description of analyzed stocks and datasets

Dataset -I(;I?a\ttzl pc’J\ilgts of Duration
2542.TW 1457 Oct 5, 2011 to May 31, 2017
2545.TW 1457 Oct 5, 2011 to May 31, 2017
2597.TW 1457 Oct 5, 2011 to May 31, 2017
5534.TW 1457 Oct 5, 2011 to May 31, 2017

3.2. Analytical results

Table 2 compares the performances of the proposed
model using four stock datasets. For the 2597.TW stock,
the RMSE, MAE, MAPE and MSE values are 1.548,
0.617, 1.372% and 2.396, respectively. The one day-ahead
prediction of the price of the 2597.TW stock is better than
that of the price of the stock of any other construction
company Notably, it improves the prediction accuracy of
other stocks from 99.080% to 99.212% with the MAPE.

Table 2. One day-ahead prediction performance comparison using the proposed system (for 4 stock datasets)

Dataset Average performance measure in test data S| Rank Improved by proposed system (%6)
RMSE MAE | MAPE (%) MSE RMSE MAE MAPE MSE
2542.TW 2.308 0.863 1.745 5.239 1.000 4 73.195% | 39.525% 99.2122 53.606°
2545 TW 1.372 0.558 1.701 1.883 0.220 2 54.903* | 10.884 99.1922 22.529
5534.TW 1.728 0.823 1.494 2.986 0.476 3 64.197% | 33.089° 99.080? 22.871
2597.TW 1.548 0.617 1.372 2.396 0.134 1 - - - -

Note: Measurements of performance improvement and hypothesis testing results are calculated using average performance measures

aSignificance level at 1%

Table 3 reviews the key literature that is relevant to the
present work and provides details about the choices of
datasets and performance measures in those papers. Table 3
lists the max, min and average values of the performance
measures that were obtained in previous works [6-12], in
which different datasets and learning algorithms were used
to predict the closing prices of stock one day ahead. Clearly,
the one day-ahead predictions of the values of four stocks
achieve good outcomes as previously reported models.

Table 3. Summary of relevant works
(ordered by relevance to this paper)

RMSE Max 3810.072

Min 2493.273

BIST 100 Average 2413.851
[15, 16] MAE Max 2951.554
Min 2597.321

Average 2833.042
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MAPE Max 3.863
(%) Min 3.381
Average 3.688
MSE Max 14516650.000
Min 11236305.000
Average 12651969.667
RMSE Max 0.082
Min 0.014
Average 0.037
MAPE Max 46.900
?8‘?‘15’ 51%(]) (%) Min 0.550
Average 9.436
MSE Max 0.007
Min 0.00019
Average 0.003
RMSE Max 50.167
Min 21.600
Average 42.035
MAPE Max 0.190
N[';\;DZ'S]Q (%) Min 0.130
Average 0.160
MSE Max 20901.200
Min 90.320
Average 5721.558

4. Conclusions

This work presents a novel approach based on a firefly
algorithm and least squares support vector regression (FA-
LSSVR), to construct a stock price forecasting expert
system with the aim of improving forecasting accuracy. To
evaluate the proposed approach, the work applies four
datasets for stocks in Taiwan. In particular, the one day
prediction of 2597.TW stock prices is better than that of
any construction company stock prices with an RMSE of
1.548, an MAE of 0.617, an MAPE of 1.372% and an MSE
of 2.396. Therefore, the proposed system can be used as a
tool to forecast stock prices for short-term investment and
will motivate future research. In the future works, the
system can be verified by other stock markets such as
China, Japan and Hong Kong.
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