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Abstract: Stock market forecasting has always been researched extensively in Social Sci-
ences. In this research, Fuzzy time series with deep learning is widely adopted to create a
fuzzy convolutional neural network integration model as this model enhances the fuzzi-
fication of values to enhance feature characteristics using two-dimensional input data in
convolutional neural networks (CNNs). This allows the model to retain complete feature
information. The fuzzy convolutional neural network (FCNN) model autonomously learns
and extracts crucial features by integrating stock market data, resulting in improved fore-
casting accuracy. In this study, the model was tested for forecasting the Taiwan Weighted
Stock Index and metrics such as the mean squared error (MSE) and mean absolute error
(MAE), and the results were compared with the real data. The results showed that the
model provided accurate predictions.

Keywords: fuzzy convolutional neural networks (FCNN) model; deep learning; fuzzy time
series; stock market prediction

1. Introduction
For stock market predictions, historical data are mainly used [1]. The Taiwan Stock

Exchange index is influenced by international indices such as the Dow Jones Industrial
Average, the Nasdaq Composite, and the Philadelphia Semiconductor Index, showing a
positive correlation [2]. In related research, time series models, such as simple moving
averages, weighted moving averages, and exponential smoothing, are commonly used [1,3].
Model forecasts are based on the difference between the predicted value for the next
period and the actual value for the current period [1]. The advantages of the model are
its simplicity and ease of understanding. However, the forecasts are less accurate as the
data are susceptible to disturbances. In 1993, Song and Chissom introduced the fuzzy time
series, which combined fuzzy theory with semantic effectiveness, using fuzzy relationships
for reasoning and forecasting [4–6]. In 1996, Chen utilized a first-order fuzzy time series
model to forecast publicly available data on new student admissions at the University
of Alabama [5,6]. The results indicated that the first-order fuzzy time series model was
relatively simple and less affected by disturbed data. However, due to its simplicity, it is
unable to explain complex relationships.

Many scholars have improved these models [7–12]. In fuzzy time series, the interval
length relies on the researcher’s experience or expert judgment. Cheng et al. [11] introduced
fuzzy cluster time series to partition the domain and address the issue of determining
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equal interval lengths to set the universe and interval lengths. Bose and Mali [13] reviewed
fuzzy time series and determined the domain space, partitioned the domain, and fuzzified
past data by using common steps in fuzzy time series and establishing fuzzy relationships
through defuzzification (which is optional). High-dimensional fuzzy relationship calcula-
tions are complex, and researchers adjust weights to correct errors. However, this process
relies on manual or expert judgment [9–12].

Deep learning has been widely used in recent years [9,10,14,15]. Aladag et al. used
neural networks for fuzzy time series forecasting in 2009 and 2010 [9,10]. Tran et al. applied
neural networks to handle multiple indicators for predicting resource utilization [15].
Neural networks, compared with traditional regression models, demonstrate enhanced
fault tolerance [3,16,17]. The characteristics of neural networks in deep learning make
them well suited to time series forecasting. However, in most time series applications,
the computational process often focuses on adjustments by moving windows, periods,
neurons, and layers, while neglecting the numerical features. Therefore, CNNs are used
to analyze data using two-dimensional image information, which preserves the intrinsic
features of the data. This capability was used in this research to integrate two-dimensional
image information with fuzzy logic in the deep learning network architecture. Then, more
information was obtained, making the model more accurate than traditional models.

In this research, we proposed an integrated model by combining fuzzy time series
with deep learning. In the developed model, information features are well preserved, and
the numerical calculations align with human cognitive patterns. The proposed FCNN
forecasting model avoids relying on expert judgment and simplifies the complex calcula-
tions of traditional fuzzy time series models. These adjustments are applied to stock price
forecasting to reduce and correct prediction errors to enhance the accuracy of predictions.
The proposed model was validated through stock price forecasting for the Taiwan stock
market, demonstrating enhanced accuracy compared to existing methods.

2. Materials and Methods
2.1. Deep Learning

Deep neural networks (DNNs) are capable of learning more complex patterns and
achieving better performance [14]. Deep learning has been used widely with impressive
results [9,10,14–16]. CNNs are feedforward neural networks that simulate human neural
transmission. In CNN, information is input into a neuron and then received from the output
of the previous neuron, constructing a multilayer perceptron model [18]. This model is a
popular deep learning model, allowing automatic feature extraction and compression in
model training [15–18].

2.2. Principles and Concepts of Fuzzy Logic

Fuzzy set theory was introduced by Professor Zadeh at the University of California,
Berkeley, in 1965 [19]. It refers to the degree to which an element belongs to a set. If an
element fully belongs to the set, its membership value is 1; if it does not belong at all, its
value is 0. For partial membership, the value is between 0 and 1, representing the degree of
membership [19]. Fundamentally, fuzzy sets are regarded as an extension of traditional
sets. The fuzzy set theory allows for the quantification of human subjective thinking and
judgment processes using fuzzy sets. It is applied to address uncertainty and ambiguity as
it emphasizes human thinking, reasoning, and perception of the surrounding world.

2.3. Fuzzy Time Series

Since Song and Chissom [4–6] introduced fuzzy time series, many researchers have
used them. The first-order fuzzy time series model is mainly used. In the model, the data
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from the previous period are used as a calculation factor. In contrast, higher-order fuzzy
time series models consider the effects of different periods.

2.4. Evaluation

In prediction, accuracy and unbiased forecasts must be ensured. Various prediction
errors have been proposed, such as the commonly used mean square error (MSE), mean
absolute error (MAE), mean absolute percentage error (MAPE), and root mean squared
error (RMSE) [1].

3. Results
We used the two-dimensional images to construct a new FCNN model to improve

the problem of determining weight parameters in previous fuzzy time series models.
By utilizing the concept of 2D images in CNNs, feature information was retained more
comprehensively. By combining fuzzy theory with CNNs, the numerical computations
became more rational and aligned with human thinking patterns. Incorporating difference
and fuzzy computations enhances feature information and reduces the margin of error.
The developed FCNN model automated the calculations, whereas traditional fuzzy time
series models, such as the adaptive expectation model, rely on manual or expert settings for
parameter weight adjustments [11,20]. For the comparison of prediction accuracy and the
validation of the model, we used Taiwan stock prices. The research framework is illustrated
in Figure 1.

Figure 1. Research framework.

FCNN Model

We cleaned data collected from the Taiwan Weighted Stock Index as well as relevant
international indices, including the Dow Jones Industrial Average (DJI), Nasdaq Composite
Index (NASDAQ), and Philadelphia Semiconductor Index (SOX). The first-order difference
between the current and previous period’s actual value was calculated to obtain stock
market data and perform fuzzification. We employed fuzzification methods [4–7] as they
are straightforward and simplify complex computations. Using feature attributes and
periods to construct two-dimensional information, feature data served as input values
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for the neural network. The evaluation metrics RMSE, MSE, MAE, and MAPE were
calculated [1] to compare the results of the FCNN model on the CNN deep learning
network with traditional methods without fuzzification.

4. Discussion
The Taiwan Weighted Stock Index was used to verify the forecasting performance

of the proposed method. International indices such as the Dow Jones Industrial Average,
Nasdaq Composite Index, and Philadelphia Semiconductor Index from 2018 were also used
for data collection and cleaning. In data cleaning, the following non-trading days were
removed due to the differing trading dates between Taiwan and U.S. markets: U.S. stock
market dates (13–20 February 2018, 28 February 2018, 4–6 April 2018, 1 May 2018, 18 June
2018, 24 September 2018, 10 October 2018) and Taiwan stock market dates (15 January 2018,
30 March 2018, 30 May 2018, 4 July 2018, 3 September 2018, 22 November 2018, 5 December
2018). A total of 245 data points were selected for the experiment. The YFinance package
was used for data scraping. In this study, the experimental data indicators were classified
into four groups with parameter settings of batch_size = 20, validation_split = 0.2 (Table 1).

Table 1. Experimental feature indicators.

Experimental Groups Feature Indicators

1 Adjusted Closing Price of the Taiwan Weighted Index,
Differences, NASDAQ Index, DJI Index, and SOX Index.

2
Adjusted Closing Price of the Taiwan Weighted Index,
Differences, NASDAQ Index, DJI Index, SOX Index +

Fuzzified Indicators.

3
Adjusted Closing Price of the Taiwan Weighted Index,

Opening Price, Daily High Price, Daily Low Price, Closing
Price, Differences, NASDAQ Index, DJI Index, SOX Index

4

Adjusted Closing Price of the Taiwan Weighted Index,
Opening Price, Daily High Price, Daily Low Price, Closing
Price, Differences, NASDAQ Index, DJI Index, SOX Index +

Fuzzified Indicators.

First, the feature dataset was created by establishing two-dimensional graphical in-
formation for input. Figure 2 shows the first four training data points. The data were
presented on a heatmap, with the interval ranging from 0 to 1. Darker colors represent
smaller values, while lighter colors represent larger values. “Periods” refers to using the
feature data from the previous five periods to predict the target value for the 6th period.

In the FCNN model, the dropout was set to 0.2 and the pool size to 2. Table 2
shows the training data while Table 3 shows the test data. Experimental groups 2 and
4 included fuzzified features and demonstrated better performance. Adding fuzzified
features enhanced feature learning. Specifically, the MAE for the training dataset was
148.09 for experiment 1 and 71.91 for experiment 2, while the MAE for the test dataset was
644.63 and 612.10, respectively.

Table 2. Comparison of training results between experimental groups 1 and 2.

Experimental Groups
(Training Data) RMSE MSE MAE MAPE

1 184.57 34,065.49 148.09 1.37
2 114.30 13,064.77 71.91 0.68
3 210.90 44,478.79 176.97 1.63
4 212.36 45,096.97 181.75 1.68
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Figure 2. Visualization of two-dimensional feature data information.

Table 3. Comparison of testing results between experimental groups 1 and 2.

Experimental Groups (Test Data) RMSE MSE MAE MAPE

1 654.34 428,164.45 644.63 6.61
2 624.48 389,969.79 612.10 6.28
3 486.26 236,452.19 478.98 4.91
4 224.54 50,418.47 194.24 1.99

In the research, we added features to common indicators such as the opening price,
daily high price, daily low price, and closing price to observe changes in the experimental
results. The training results of experimental groups 3 and 4 were similar, with an improve-
ment in the test data. Through fuzzification, the network results of CNNs were enhanced,
which necessitates further research on indicators.

5. Conclusions
We developed an integrated model by combining fuzzy time series with deep learning.

By integrating two-dimensional image information with fuzzy concepts, the model retained
complete information features and provided calculations more closely with human thinking
patterns. By combining CNNs, issues associated with traditional weight dependency on
expert judgments were avoided, and the complex fuzzy relationship of traditional fuzzy
time series was simplified. The model adjusted the value predictions to reduce errors by
incorporating interpolation and fuzzification features. By leveraging fuzzification-enhanced
features, the method enhanced accuracy significantly.
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