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Stock market prediction is a challenging issue for investors. In this paper, we propose a stock price prediction model based on
convolutional neural network (CNN) to validate the applicability of new learning methods in stockmarkets. When applying CNN,
9 technical indicators were chosen as predictors of the forecasting model, and the technical indicators were converted to images of
the time series graph. For verifying the usefulness of deep learning for image recognition in stockmarkets, the predictive accuracies
of the proposedmodel were compared to typical artificial neural network (ANN)model and support vectormachine (SVM)model.
From the experimental results, we can see that CNN can be a desirable choice for building stock prediction models. To examine
the performance of the proposed method, an empirical study was performed using the S&P 500 index. This study addresses two
critical issues regarding the use of CNN for stock price prediction: how to use CNN and how to optimize them.

1. Introduction

Stock markets have random walk characteristics. Random
walk characteristics in stock markets mean that the stock
price moves independently at every point in time. Due to
the random walk characteristic, stock market prediction
using past information is very challenging [1]. In addition,
Carpenter et al. [2] insisted that the stock market can be
influenced by complex factors, such as business and economic
conditions and political and personal issues. There is a high
degree of uncertainty in the stock market, which makes it
difficult to predict stock price movements [3].

With the globalization and development of information
and communication technology (ICT), however, many peo-
ple are looking toward stock markets for earning excess
returns under a convenient investment environment. There-
fore, the study of stock market prediction has been a very
important issue for investors.

Stock market prediction methods can be categorized into
fundamental analysis and technical analysis [4]. Fundamen-
tal analysis is a method of analyzing all elements that affect
the intrinsic value of a company, and technical analysis is a
way of predicting future stock price through graph analysis.

When fundamental analysis is applied, some problems may
occur. For example, forecasting timeliness can be reduced,
subjectivity can be intervened, and the difference between
stock price and intrinsic value can be maintained for a long
time [5]. Due to the limitation of fundamental analysis, many
studies related to stock market prediction using technical
analysis have been conducted.

In recent years, many researchers have suggested that
artificial neural networks (ANNs) provide an opportunity
to achieve profits exceeding the market average by using
technical indicators as predictors in stock markets [6–9].
Shin et al. [10] proposed a stock price prediction model
based on deep learning techniques using open-high-low-
close (OHLC) price and volume and derived technical indi-
cators in the Korean stock market.

However, since many financial market variables are inter-
twined with each other directly or indirectly, it is difficult
to predict future stock price movements by using technical
indicators alone, even when applying a typical deep learning
model.

In this study, a stock price prediction model based on
convolutional neural network (CNN) and technical analysis
is proposed to validate the applicability of new learning
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methods in stock markets. Unlike typical neural network
structures, the CNN, which is most commonly applied to
analyze visual imagery, can improve learning performance
by convolution and pooling processes [11]. For applying
the CNN, various technical indicators, which are used for
technical analysis, have been generated as predictors (input
variables) of the prediction model, and these technical indi-
cators were converted to images of the time series graph.This
study compared the forecasting accuracies of the proposed
model and the typical ANN model as well as support vector
machine (SVM) model to verify the usefulness of deep
learning for image recognition in the stock market.

The remainder of this paper is organized as follows.
Section 2 describes the theoretical background for typical
ANN, SVM, and CNN. Section 3 introduces the proposed
model for stock market prediction in this study. Section 4
demonstrates the empirical results and analysis. Finally, we
draw conclusions in Section 5.

2. Background

2.1. Typical ANN. A typical ANN model is a data processing
system consisting of layers, connection strengths (weights), a
transfer function, and a learning algorithm. The ANN has a
structure in which relations between input and output values
are learned through iterative weight adjustments. The neural
network structure consists of a fully connected layer, inwhich
all neurons are combined with adjacent layers.

The ANN consists of a perceptron, called a neuron,
and the overall structure of the general ANN is given in
Figure 1(a). The general ANN consists of three layers: the
input layer, the hidden layer, and the output layer. In the
input layer, the neurons correspond to each input variable.
The neurons in the hidden layer and output layer perform
the function of calculating the summation of input values and
weights in the previous layer.

Figure 1(b) represents the relationship between input
and output values in each layer. In Figure 1(b), 𝑥1, 𝑥2, and
𝑥3 represent input signals and have weights of 𝑤1, 𝑤2 and
𝑤3, respectively. The net input function combines the input
signal and weight linearly and converts the value through the
activation function to output the signal y.

The fully connected layer structure may cause a problem,
in which spatial information is lost by ignoring the shape
of the data [12]. To increase the representation ability of the
data in the ANN model, the number of hidden neurons is
increased, or hidden layers are added. However, a vanishing
gradient problem occurs when a backpropagation algorithm
carries error information from the output layer toward the
input layer [13].

2.2. SVM. SVM, developed by Vapnik [14], is an artificial
intelligence learning method. It is a machine learning tech-
nique based on statistical learning theory and structural
risk minimization. The purpose is to identify the optimal
separating hyperplane to divide two or more classes of data
with the learning mechanism by training the input data. SVM
is a type of supervised learning to predict and classify items

and it is well known as useful machine learning algorithm for
classification [15].

Assume that there are n number of data points existing
in the eigenspace, {(𝑥1, 𝑐1), (𝑥2, 𝑐2), ⋅ ⋅ ⋅ , (𝑥𝑛, 𝑐𝑛)}, the symbol
𝐶1 ∈ {+1, −1} indicates the classification for data point
𝑥1. These data points serve as the training data for the
identification of the optimal separating hyperplane as

w ∙ 𝑥 − 𝛼 = 0 (1)

The symbol w denotes the separating margin and a is a
constant. There could be multiple solutions to w, but the
optimal w is the one with the maximum margin. Equation
(2) is the solution to the optimization problem:

minimize 1
2 ‖w‖

2

subject to 𝑐1 (w ∙ 𝑥 − 𝛼) ≥ 1, 1 ≤ 𝑖 ≤ 𝑛
(2)

After the network learning obtains the w with the maximum
margin, it is then possible to establish the classification 𝐶 by
using (3) on the test data that has yet to be classified.

𝐶 = {{
{

−1, 𝑖𝑓 w ∙ 𝑥 − 𝛼 ≤ −1
+1, 𝑖𝑓 w ∙ 𝑥 − 𝛼 ≥ +1

(3)

2.3. CNN. TheCNN, as a deep learning technique, is amodel
that imitates the visual processing of living organisms that
recognize patterns or images. The CNN has a structure in
which one or more convolutional layers and pooling layers
are added to a fully connected layer, which results in an ANN
structure.

Figure 2 shows the structure of LeNet-5, which is the
most famous CNN algorithm. According to Figure 2, a five-
layer CNN was established. LeNet-5 is composed of two
convolutional layers for the first two layers and three fully
connected layers for the remaining three layers. First, the
image of the input layer is filtered through the convolutional
layer to extract appropriate features [16].

The convolutional layer is the first layer to extract features
from an input image. Convolution preserves the relationship
between pixels by learning image features using small squares
of input data. Convolution is a mathematical operation that
requires two inputs, such as an image matrix and a filter or
kernel.

A convolution operation is an elementwise matrix mul-
tiplication operation, where one of the matrices is the image
and the other is the filter or kernel that turns the image into
something else. The output of this is the final convoluted
image. If the image is larger than the size of the filter, the
filter is moved to various parts of the image to perform
the convolution operation. If the convolution operation is
performed each time, a new pixel is generated in the output
image.

In image processing, there are few sets of filters that are
used to perform several tasks. The convolution of an image
with different filters (kernels) can perform operations, such as
edge detection, blurring, and sharpening, by applying filters.
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Figure 1: Typical ANN structure. (a) The overall structure of the general ANN. (b) The relationship between the input and output values in
each layer.
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Figure 2: The LeNet-5 structure.

In CNNs, filters are not defined. The value of each filter
is learned during the training process [17]. Every filter is
spatially small (in terms of width and height) but extends
through the full depth of the input volume. During the
forward pass, each filter is moved across the width and height
of the input volume, and dot products are computed between
the entries of the filter and the input at any position. As the
filter is moved over the width and height of the input volume,
a 2-dimensional feature map that gives the responses of that
filter is produced at every spatial position [18].

Intuitively, the network learns filters that activate when
they see some type of visual feature, such as an edge of
some orientation of the first layer or eventually the entire
honeycomb or wheel-like patterns within the higher layers
of the network. An entire set of filters is generated in each
convolutional layer, and each one produces a separate 2-
dimensional feature map.

Figure 3 shows the process of generating a feature map for
a convolutional layer.The original image is the one on the left,
and the matrix of numbers in the middle is the convolutional

matrix or filter. Consider a 4 x 4 matrix, whose image pixel
values are 0, 1, 2, and 3, and a 3 x 3 filter matrix, as shown
in Figure 3. Then, the convolution of the 4 x 4 image matrix
multiplies with the 3 x 3 filter matrix, which results in the
feature map, as shown in Figure 3.

The activation functions of every convolutional layer and
the first two fully connected layers are shown in (4) (i.e.,
ReLU (Rectified Linear Unit)). The ReLU function is used
to solve the vanishing gradient, which does not reflect the
output error of the neural network as it moves away from the
output layer in the process of the neural network [19].

max (0, x)

f (x) = {{
{

0 𝑓𝑜𝑟 𝑥 < 0
𝑥 𝑓𝑜𝑟 𝑥 ≥ 0

(4)

Generally, the pooling layer is located after the convolutional
layer. The pooling layer was introduced for two main reasons
[20]. The first was to perform down sampling (i.e., to reduce
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the amount of computation that needs to be done), and the
second was to only send the important data to the next layers
in the CNNmax pooling layers by taking the largest element
from the rectified featuremap, as shown in Figure 4.Themost
common form is a pooling layer, with filters of size 2x2, which
are applied with a stride of 2 down samples every depth slice
in the input by 2 along both the width and height, discarding
75% of the activation. These values are then linked to a fully
connected layer, such as an ANN structure, to output the
label-specific prediction probabilities

3. CNN Architecture for Building a Stock Price
Prediction Model

3.1. Input Image Generation. In this study, historical S&P
500 minute data are used, and these time series data are
divided into 30 minute increments for stock price prediction.
When learning a prediction model, the closing price and
technical indicators are considered as input variables, and
target variables are set to values expressed as 1 or 0. If the
target has a value of 0, the closing price at time t − 1 is higher
than the closing price at time t, as shown in (5). In other
words, the stock price prediction model proposed in this
study learns the moving pattern of the independent variables

for 30 minutes and forecasts the increase or decrease in the
stock price after one minute.

target = {{
{

0 𝑓𝑜𝑟 𝑐𝑙𝑜𝑠𝑒 𝑝𝑟𝑖𝑐𝑒
𝑡 < 𝑐𝑙𝑜𝑠𝑒 𝑝𝑟𝑖𝑐𝑒𝑡−1

1 𝑓𝑜𝑟 𝑐𝑙𝑜𝑠𝑒 𝑝𝑟𝑖𝑐𝑒𝑡 ≥ 𝑐𝑙𝑜𝑠𝑒 𝑝𝑟𝑖𝑐𝑒𝑡−1
(5)

Table 1 shows the technical indicators used in this study. Nine
technical indicators are selected for the prediction model
(refer to [21]): simple moving average (SMA), exponential
moving average (EMA), rate of change (ROC), moving
average convergence divergence (MACD), fast %K, slow
%D, upper band, lower band, and %B. Finally, the technical
indicators calculated by Table 1 are standardized to have a
value between 0 and 1 for converting to images of time series
graph.

Now, the technical indicators are converted to the images
of a time series graph using the input image of the CNN.
Finally, 1100 input images in the training period and 275 input
images in the test period are generated. Figure 5 shows the
example of the input images in the test period when applying
only 3 input variables. In Figure 5, the red line, green line,
and blue line indicate the closing prices of the S&P 500 index,
SMA 20, and EMA 20, respectively.

3.2. CNN Parameter Settings for the Best Prediction Model
Architecture. In this study, the LeNet-5 algorithm is used for
stock price prediction. The CNN structure of this study is
shown in Figure 6. The 64×64×3 input image is filtered in
the first convolutional layer by 3×3×3 kernels, with a stride
of 1 pixel. Then, max pooling is used in the pooling layer.
The main purpose of the pooling operation is to reduce the
size of the image as much as possible, taking a 2×2 matrix
to minimize pixel loss and obtain the correct characteristic
region [22].

The second convolutional layer filters the output of the
first convolutional layer using 3×3×3 kernels, with a stride
of 1 pixel. After the pooling process is performed once again,
flattening, which is a process of converting a two-dimensional
array into one long continuous linear vector, is performed.
That is, the process of converting a pooled image pixel into a
one-dimensional single vector is performed.

In the fully connected layer, the entire connection of
512 neural networks is performed. The number of neurons
in both of the first two fully connected layers is 512. Then,
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Figure 5: Example of the input image. (a) Generated input image when the closing price increases after 1 minute. (b) Generated input image
when the closing price decreases after 1 minute.
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Figure 6: The architecture of the CNN for the prediction model.

because the process is a binary classification, the connection
goes through an output layer that contains only one node.The
last layer uses the sigmoid activation function.

Adaptive Optimization Methods. Stochastic gradient descent
(SGD) has been widely used when training CNN models.
Despite its simplicity, SGD performs well empirically across
a variety of applications but also has strong theoretical
foundations [23].

Training neural networks is equivalent to solving the
nonconvex optimization problem in

min
𝑤∈R𝑛

𝑓 (𝑤) (6)

where𝑓 represents a loss function. The iterations of SGD can
be described in

𝑤𝑘 = 𝑤𝑘−1 − 𝛼𝑘−1∇̂𝑓 (𝑤𝑘−1) (7)

where 𝑤𝑘 denotes the 𝑘𝑡ℎ iteration, 𝛼𝑘 represents a (tuned)
step size sequence (also called the learning rate), and ∇̂𝑓(𝑤𝑘)
denotes the stochastic gradient computed at 𝑤𝑘.

The Adam optimization algorithm is an algorithm that
can be used instead of the classical SGD procedure to update
network weights iteratively based on training data.TheAdam
algorithm is popular in the field of deep learning because
it achieves good results quickly [24]. The updated Adam
equation can be represented in

𝑤𝑘 = 𝑤𝑘−1 − 𝛼𝑘−1
√1 − 𝛽𝑘2
1 − 𝛽𝑘1

𝑚𝑘−1
√V𝑘−1 + 𝜖

(8)

where

𝑚𝑘−1 = 𝛽1𝑚𝑘−2 + (1 − 𝛽1) ∇̂𝑓 (𝑤𝑘−1)

V𝑘−1 = 𝛽2V𝑘−2 + (1 − 𝛽2) ∇̂𝑓 (𝑤𝑘−1)2
(9)
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Figure 7: Minute closing prices of the S&P 500 index.

𝛽 ∈ [0, 1) represents a momentum parameter, and V0 is
initialized to 0.

Dropout. The dropout method introduced by Hinton et al.
[25] is known as a very effective way to reduce overfitting
when applying neural networks with many hidden layers.
This method consists of setting the output of each hidden
neuron in the chosen layer to zero with some probability
(usually 50%). In this paper, the dropout method was applied
after the pooling operations.

Loss Function.TheANNuses the loss function as an indicator
to determine the optimal weight parameter through learning
[26]. In this study, the mean square error (MSE) and cross
entropy error (CEE) were adopted to comprise the objective
function (loss function). Equations (10) and (11) show the
MSE measure and CEE measure, respectively. 𝑦𝑘 represents
the output of the neural networks, and 𝑡𝑘 represents the target
value in (10) and (11).

𝑀𝑆𝐸 = 1
𝑛
𝑛

∑
𝑘

(𝑦𝑘 − 𝑡𝑘)2 (10)

When calculating the MSE, the neurons in all output layers
are entered. This loss function is most commonly used
because it is simple to calculate. Basically, the difference
between the output of the model and the target distance
is used as an error. The advantage of squaring the distance
difference is that the difference between data with small
distance differences and the large data error becomes larger,
which has the advantage of being able to know exactly where
the error is located.

𝐶𝐸𝐸 = −
𝑛

∑
𝑘

𝑡𝑘 log𝑦𝑘 (11)

The CEE only counts the neuron corresponding to the target,
which results in a larger penalty as it moves farther from the
target.

Epoch and Batch Sizes. An epoch consists of one full training
cycle for the data. An epoch is an iteration over the entire
training data and target data provided. The epochs are equal
to 2500 in this study.The batch size is a term used in machine

learning and refers to the number of training examples
utilized in one iteration. The batch size is 1 [27] in this study.

Steps per epoch indicate the number of batch iterations
before a training epoch is considered finished. These steps
represent the total number of steps (i.e., batches of samples)
before declaring one epoch finished and starting the next
epoch.

4. Empirical Studies

4.1. Experimental Settings. In this study, the empirical anal-
ysis covers a 1-month period. The dataset consists of minute
data of the S&P 500 index from 10:30 pm on April 3, 2017,
to 2:15 pm on May 2, 2017. The entire dataset covers 41,250
minutes. Figure 7 shows a time series graph of the S&P 500
closing price during the analysis period.

Among the entire dataset, 33,000 minutes are allocated
for the training data (80% of the entire data), and 8,250
minutes are allocated for the testing data (20% of the entire
data). When the time series data are converted into an image
every 30 minutes, the training data consist of 1,100 input
images, and the testing data consist of 275 input images.

For experimentingwith theCNNalgorithm, the technical
indicators used for forecasting the stock price in [21] are
employed as input variables here.

To evaluate the forecasting accuracy, the following three
measurements are employed: hit ratio, sensitivity, and speci-
ficity (see (12)–(14)).

ℎ𝑖𝑡 𝑟𝑎𝑡𝑖𝑜 = 𝑛0,0 + 𝑛1,1
𝑛 (12)

𝑠𝑒𝑛𝑠𝑖𝑡𝑖V𝑖𝑡𝑦 = 𝑛0,0
𝑛0,0 + 𝑛0,1 (13)

𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 = 𝑛1,1
𝑛1,0 + 𝑛1,1 (14)

In (12)-(14), 𝑛0,0 and 𝑛0,1 represent the number of predicted
values of 0 and the number of predicted values of 1 when
the actual value is 0, respectively. Additionally, 𝑛1,0 and 𝑛1,1
represent the number of predicted values of 0 and the number
of predicted values of 1 when the actual value is 1, respectively.
The hit ratio is a metric or measure of the prediction
model performance when the target variable is binary. While
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Table 1: Technical indicators used for the proposed prediction model.

Technical
indicators Formula (n=20) Explanation

SMA ∑(𝑃𝑟𝑖𝑐𝑒, 𝑛)
𝑛 n = Time Period

EMA 𝐶𝑙𝑜𝑠𝑒(𝑖) ∙ 𝑃 + (𝐸𝑀𝐴 (𝑖 − 1) ∙ (1 − 𝑃)
𝐶𝑙𝑜𝑠𝑒(𝑖) =The closing price at time i

𝐸𝑀𝐴(𝑖 − 1) = Exponentially moving average of the closing price at time i-1
𝑃 = the percentage using the price value

MACD 𝐹𝑎𝑠𝑡𝑀𝐴 − 𝑆𝑙𝑜𝑤 𝑀𝐴 Fast MA is the moving average (5)
Slow MA is the moving average (20)

ROC 100 ∙ 𝐶𝑙𝑜𝑠𝑒 − 𝐶𝑙𝑜𝑠𝑒 𝑛 𝑎𝑔𝑜𝐶𝑙𝑜𝑠𝑒 𝑛 𝑎𝑔𝑜
Fast %K 100 ∙ 𝐶𝑙𝑜𝑠𝑒 − 𝐿𝑜𝑤𝐻𝑖𝑔ℎ − 𝐿𝑜𝑤
Slow %D 𝑆𝑀𝐴(𝑆𝑙𝑜𝑤 𝐾%, 𝐷𝑚𝑎) 𝑆𝑙𝑜𝑤 𝐾% = SMA (Fast %K, KMA)

KMA = Period of moving average used to smooth the slow %K values

Upper Band 𝑀𝑖𝑑𝑑𝑙𝑒 𝐵𝑎𝑛𝑑 + (𝑦 ∙ 𝑛 −
𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒V𝑖𝑎𝑡𝑖𝑜𝑛) 𝑀𝑖𝑑𝑑𝑙𝑒 𝐵𝑎𝑛𝑑 = n-period moving average

Lower Band 𝑀𝑖𝑑𝑑𝑙𝑒 𝐵𝑎𝑛𝑑 − (𝑦 ∙ 𝑛 −
𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒V𝑖𝑎𝑡𝑖𝑜𝑛) 𝑦 = factor applied to the standard deviation value

%B
𝑃𝑟𝑖𝑐𝑒 − 𝐿𝑜𝑤𝑒𝑟 𝐵𝑎𝑛𝑑

𝑈𝑝𝑝𝑒𝑟 𝐵𝑎𝑛𝑑 − 𝐿𝑜𝑤𝑒𝑟 𝐵𝑎𝑛𝑑

Table 2: Input variables for each CNNmodel.

Input variables
CNN1 Closing price
CNN2 Closing price, SMA, EMA
CNN3 Closing price, SMA, EMA, ROC, MACD
CNN4 Closing Price, SMA, EMA, ROC, MACD, Fast %K, Slow %D, Upper Band, Lower Band

the hit ratio is simply a measure of discrepancies between
the predicted value and actual observations, sensitivity and
specificity measure the conditional discrepancies depending
on actual observations.

4.2. Experimental Results. In this study, TensorFlow was used
for the experiment. TensorFlow is a famous deep learning
development framework in which grammar is developed in
the form of a Python library. To verify the usefulness of the
technical indicators as an input variable, four CNN models
are constructed with different technical indicators. The CNN
models are created by applying 0, 2, 4, and 9 technical
indicators. In this study, these models are called CNN1,
CNN2, CNN3, and CNN4, respectively. Table 2 presents the
input variables applied to these four models.

Table 3 shows the accuracies of the four models. To deter-
mine the adaptive optimization method, all CNN parameters
(except for the adaptive optimization method) are applied
equally to each model. Here, the dropout probability, batch
size, and epoch are fixed at 0.5, 1, and 2500, respectively.
Additionally, the steps per epoch in the training and testing
data were set to 250 and 50, respectively, and the loss function
was the CEE.

As shown in Table 3, when the SGD optimizer is
used for the adaptive optimization method, CNNs achieve
a high level of predictive performance. CNN1, which is

the prediction model without technical indicators, has the
highest hit ratio among the four models. Therefore, technical
indicators cannot affect the positive impact of the CNN on
stock price forecasting. However, a large difference between
the sensitivity and specificity of CNN1 indicates that an
overfitting problem occurs due to considering only one input
variable.

Table 4 shows the accuracies of the fourmodels with SGD
optimizers using different loss functions. From Table 4, we
know that the use of the MSE as a loss function increases the
predictability rather than the use of the CEE.

The accuracies of the fourmodels with the SGDoptimizer
and MSE loss function using different dropout probabilities
are given in Table 5. CNN1 has the highest hit ratio (0.85)
when the dropout probability is 0. The results in Table 5
show that an increase in the dropout probability does not
contribute to the predictive performance of the CNN, which
is interesting because dropout options are widely known
to play an important role in deep learning architecture
construction. In the case of this experiment, however, since
the learning image of CNN models is simpler than the
character recognition or text recognition generally applied to
CNNs, it is considered that the dropout option has a negative
effect.

Table 6 shows the accuracies of the fourCNNmodelswith
different steps per epoch when applying the SGD optimizer,
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Table 3: Accuracy comparison for CNNs with different optimizers during the test period.

Optimizer Hit ratio Specificity Sensitivity

CNN1 Adam 0.63 0.9545 0.3587
SGD 0.65 0.9596 0.3810

CNN2 Adam 0.52 0.5822 0.4800
SGD 0.56 0.5248 0.6144

CNN3 Adam 0.58 0.6460 0.4408
SGD 0.60 0.6429 0.4840

CNN4 Adam 0.56 0.54 0.5810
SGD 0.58 0.5939 0.5868

Table 4: Accuracy comparison for CNNs with different loss functions during the test period.

Loss function Hit ratio Specificity Sensitivity

CNN1 MSE 0.66 0.6611 0.6508
CEE 0.65 0.9596 0.3810

CNN2 MSE 0.67 0.6825 0.6209
CEE 0.56 0.5248 0.6144

CNN3 MSE 0.62 0.6151 0.6302
CEE 0.60 0.6429 0.4840

CNN4 MSE 0.62 0.6114 0.6393
CEE 0.58 0.5939 0.5868

Table 5: Accuracy comparison for CNNs with different dropout probabilities during the test period.

Dropout probability Hit ratio Specificity Sensitivity

CNN1
0 0.85 0.9593 0.6971

0.25 0.67 0.6904 0.6507
0.5 0.66 0.6611 0.6508

CNN2
0 0.62 0.6679 0.5878

0.25 0.68 0.6992 0.6744
0.5 0.67 0.6825 0.6209

CNN3
0 0.64 0.9559 0.2487

0.25 0.64 0.9091 0.3012
0.5 0.62 0.6151 0.6302

CNN4
0 0.66 0.6548 0.6872

0.25 0.62 0.6040 0.6375
0.5 0.62 0.6114 0.6393

Table 6: Accuracy comparison for CNNs with different steps per epoch during the test period.

Steps per epoch (train / test) Hit ratio Specificity Sensitivity

CNN1 400 / 100 0.68 0.7221 0.6413
800 / 200 0.54 0.5324 0.5434

CNN2 400 / 100 0.53 0.6155 0.46
800 / 200 0.52 0.6257 0.4118

CNN3 400 / 100 0.61 0.9304 0.31
800 / 200 0.52 0.4824 0.5238

CNN4 400 / 100 0.54 0.6220 0.4734
800 / 200 0.54 0.7112 0.3450
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Table 7: Predictive accuracies of ANNs and SVMs.

Hit ratio Specificity Sensitivity
ANN1 0.4872 0.6866 0.2979
ANN2 0.5602 0.5674 0.5522
ANN3 0.5653 0.6561 0.4801
ANN4 0.5573 0.6269 0.4626
SVM1 0.48 0.8881 0.0922
SVM2 0.4655 0.8582 0.0922
SVM3 0.5018 0.4851 0.5177
SVM4 0.5455 0.5149 0.5745

Table 8: Optimized parameters for CNNs.

Parameter Considered value (option) Selected Value (option)
Adaptive optimization method Adam, SGD SGD
Dropout probability 0 ∼ 0.5 0
Loss function MSE, CEE MSE
Steps per epoch (train / test) 200 / 50 ∼ 800 / 200 200 / 50

MSE loss function and dropout probability of 0. Based on the
results of Table 6, we can realize that an increase in steps per
epoch causes an overfitting problem and results in a decrease
in accuracy. As a result, it is not effective in increasing the
number of steps for stock price prediction based on a CNN
using technical indicators.

To verify the performance of CNN models, ANN and
SVMmodels are generated and their accuracies are evaluated.
The same input variables for CNNs in Table 2 are applied
to ANNs and SVMs. Before exploring the ANN and SVM
for stock price prediction, small preliminary experiments
were performed to obtain proper parameter settings for the
successful implementation of the ANN and SVM. As a result,
the number of hidden layers, the number of hidden units,
and the activation function of ANN are set to be 1, 3, and
sigmoid, respectively. And SVM uses polynomial kernel to
make a nonlinear classification interface.

Based on the results show in Table 7, when the ANN
and SVM are applied, technical indicators are shown to be
input variables positively affecting the stock price prediction,
as opposed to when the CNN is applied. Nevertheless, the
predictive performances of the ANN and SVM are lower than
that of the CNN (refer to Table 5 when dropout probability
is 0). Therefore, CNNs using input images can be a useful
method for stock price prediction. In practice, CNN models
are good at detecting patterns in images such as lines. CNNs
can detect relationships among images that humans cannot
find easily; the structure of neural networks can help detect
complicated relationships among features. For example, in
CNN, color images are composed of RGB channels, and the
features of input for each channel can be extracted. This
allows CNN to extract features better than when it uses a
vectorized input such as ANN [28].

5. Concluding Remarks

In this study, we attempted to check the applicability of
the CNN for stock market prediction. Previously, many

researchers have suggested that ANNs offer a chance to
achieve profits in financial markets. Therefore, this study
determined the predictive performances of the CNN and
ANN to validate the usefulness of the CNN. In addi-
tion, SVM, well known for useful classification algo-
rithm, was employed to verify the usefulness of the
CNN.

To design the CNN architecture, this study focused on
two points. First, the CNN parameters were optimized. For
this, the experiments were performed over the parameter
range given in Table 8, and the best experiments were
obtained. Second, technical indicators, which are well known
as efficient input variables in stock price forecasting, were
verified to play a role as a suitable input image for CNNswhen
technical indicators are converted into images.

Our empirical experiments demonstrate the potential
usefulness of the CNN by showing that it could improve
the predictive performance more than the ANN. In this
sense, the CNN appears to be a desirable choice for building
stock prediction models. In addition, technical indicators
were input variables that did not positively affect the stock
price prediction when the CNN was implemented for the
prediction model. This result is because technical indicators
cannot be good input variables, as they are similar to the
moving pattern of the closing price. Therefore, building a
stock price prediction model with better performance can be
expected if other factors that move opposite the stock price,
such as gold price and interest rate, are considered as input
variables for the CNN. As a result of this study, it is difficult
to predict technical indicators of stockmarket by general data
mining classification technique. Therefore, CNN, which is
a deep learning method that analyzes time series data into
graphs, can be a useful for stock price prediction.

Data Availability

The data used in this study can be accessed via https://www
.kesci.com/home/dataset/5bbdc2513631bc00109c29a4/files.

https://www.kesci.com/home/dataset/5bbdc2513631bc00109c29a4/files
https://www.kesci.com/home/dataset/5bbdc2513631bc00109c29a4/files
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