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Abstract – Price fluctuations and the loss risk are 
major problems in stock investing that need to be 
managed quickly and efficiently. The use of technology 
can improve the efficiency of price prediction and loss 
risk assessment. This study aims to implement the Gated 
Recurrent Unit (GRU) and Value-at-Risk (VaR) 
algorithms for price prediction and loss risk, packaged 
in a GUI-based application. GRU is designed to 
efficiently process sequential data by addressing the 
problem of short-term memory. VaR is a loss prediction 
method based on historical returns and quantiles of 
their distributions. There are two novelties in this study: 
first, the development of a hybrid model that integrates 
the GRU and VaR models into a single prediction 
model. The GRU prediction results are used as input 
values for the VaR model. Second, the development of a 
GUI-based application to accelerate prediction results. 
The results indicate that integrating GRU with VaR 
provides accurate results. This finding refers to the 
accuracy of the value and its conformity with the actual 
data. The GUI application consists of four main menus: 
data input, preprocessing, price prediction, and loss 
prediction. The GUI application has been proven to 
improve the prediction process without reducing 
accuracy.  
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1. Introduction

The rapid advancement of financial technology has 
transformed investment practices, making stock 
trading more accessible to a wider audience. As stock 
markets play a crucial role in economic stability and 
growth, investors seek innovative tools to navigate the 
volatility of financial markets effectively [1]. One of 
the key challenges in stock investment is predicting 
price movements while assessing the associated risks. 
In response to this need, various machine learning 
techniques have been explored to enhance prediction 
accuracy and risk evaluation. 

Stock price predictions can be made using several 
approaches such as deterministic, stochastic, and 
machine learning. Traditional methods like ARIMA 
have been widely used but struggle with complex data 
patterns [2]. Machine learning algorithms, particularly 
Gated Recurrent Unit (GRU), can be an alternative to 
ARIMA models. GRU can handle time series data 
problems that have non-linear and seasonal patterns at 
the same time [3]. In addition, GRU also has more 
efficient computation time compared to other models 
such as RNN or LSTM forecasting [4]. 

Loss risk prediction is an important aspect of risk 
management. The loss risk value will be a reference 
for investors to manage their investments in order to 
avoid bankruptcy. VaR is a quantitative risk model 
that predicts the maximum loss risk over a certain 
period of time based on a predetermined confidence 
level [5]. This study implements the historical 
simulation method for VaR calculation, which utilizes 
past stock price movements to project future risks 
without assuming a predefined statistical distribution. 

Existing studies have primarily focused on stock 
price prediction or risk assessment separately [6], [7]. 
Based on previous research, the use of GRU is still 
limited to stock price prediction. There has been no 
integration of the GRU model with risk measures to 
predict the risk of loss. This study bridges that gap by 
developing an application that combines GRU-based 
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stock prediction with VaR-based risk assessment, 
providing a comprehensive tool for investors. 

This research emphasizes the development of 
applications for price prediction and loss risk. This 
application works by integrating a machine learning 
model (GRU) with a risk measure model (VaR). The 
interaction between users and computers is designed 
in the form of two-way communication. Users act as 
determinants of how the model works specifically 
based on the given parameter values. Then, the 
computer becomes the executor in order to obtain 
accurate prediction results [6]. The integration of 
GRU with VaR is expected to become a guideline for 
investors in determining the direction of policy in 
financial asset investment risk management. 

Users can input their own stock data into the 
application, allowing for flexible and customizable 
analysis. The application processes historical stock 
price data to generate future stock price predictions 
and risk assessments, helping investors make 
informed decisions. 

There are three main stages in this study, including: 
(a) Pre-processing; includes preparation of historical 
data to build a GRU model; (b) Price prediction with 
the GRU model; the model is built based on historical 
data from the previous stage. The prediction results 
are evaluated based on the MAPE value; (c) Loss risk 
prediction with VaR.  

The GRU prediction results become input data for 
calculating the loss risk value. Given the advantages 
of Backpropagation Neural Network (BPNN) in 
accuracy and precision for predictions, as 
demonstrated in AES applications [7], incorporating 
similar neural network techniques could further refine 
for risk assessment model. 

The integration of machine learning algorithms 
and risk measurement models developed in a GUI-
based application system is expected to become an 
accurate prediction tool for investors as a guide for 
investing. The combination of these two models 
allows investors to make risk management decisions 
more quickly from the perspective of price 
movements and risk value. This study contributes to 
the financial technology domain by demonstrating the 
practical application of machine learning in stock 
market analysis and risk management. 
 
2. Methodology  

 
This research is a quantitative study that uses a 

hybrid model and builds a GUI-based application. The 
following is the analysis procedure carried out: 

 
 
 

 
 

Figure 1. Application workflow 
 
Figure 1 shows the methodology used in 

developing an application for stock prediction and risk 
assessment using GRU and VaR. This chapter 
explains the workflow of the application structured 
into several key stages, as depicted in the diagram. 

 
2.1. Preparing Dataset 

 
The first step in this research is preparation and 

pre-processing. This stage aims to ensure that the data 
meets the model criteria in order to obtain accurate 
prediction results. The work in this stage includes: 

1. Upload Data: User can put any stock data to be 
used as variable for predicting new stock data 
and the risk of that stock. 

2. Normalization: Scaling the data to ensure 
consistency and improve the efficiency of the 
GRU model [8]. 

3. Data Splitting: Data is divided into two parts, 
namely training data (for building models) and 
testing data (for model evaluation). 

4. Set Windows Sequence: Dividing the data into 
sequence form to ensure predicting using GRU 
is smooth. 
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Once the dataset is prepared, the next step involves 
constructing the GRU model using the processed data. 
The user plays a role in defining model parameters, 
selecting appropriate hyperparameters, and training 
the model. The objective is to develop a model that 
can effectively learn from historical stock data and 
generate accurate predictions 

 
2.2. Building the GRU Model 

  
Once the dataset is prepared, the next step involves 

constructing the GRU model using the processed data. 
The user plays a role in defining model parameters, 
selecting appropriate hyperparameters, and training 
the model. The objective is to develop a model that 
can effectively learn from historical stock data and 
generate accurate predictions. 

The GRU algorithm is composed of two main 
gates, namely the reset gate and the update gate [9]. 
The reset gate serves to limit the amount of historical 
data that needs to be eliminated in modeling. 
Meanwhile, the update gate determines the new 
information to be used [10]. This framework enables 
GRU to analyze time series data with long-term 
dependency structures without requiring gates with 
complex performance. The GRU model works by 
updating the hidden state using the formula below 
[10]: 

 

𝑧𝑧𝑡𝑡 =  𝜎𝜎 (𝑤𝑤𝑧𝑧𝑥𝑥𝑡𝑡 +  𝑈𝑈𝑧𝑧ℎ𝑡𝑡−1 + 𝑏𝑏𝑧𝑧) (1) 
 

where: 
𝑧𝑧𝑡𝑡       : Update Gate   
𝑤𝑤𝑧𝑧      : Weight matrix for 𝑥𝑥𝑡𝑡 
𝑈𝑈𝑧𝑧      : Weight matrix for the hidden state 
𝜎𝜎       : Sigmoid activation  
𝑏𝑏𝑧𝑧      : Bias term update gate 
ℎ𝑡𝑡−1  : Previous hidden state 
𝑥𝑥𝑡𝑡      : Input at time t 
 

𝑧𝑧𝑡𝑡 (update gate) works to regulate the amount of 
hidden state that needs to be passed on to the next layer 
[11]. The value is determined based on the sigmoid 
activation function used on the current input value and 
the weighted sum value on the previous hidden state. 

 

𝑟𝑟𝑡𝑡 =  𝜎𝜎 (𝑤𝑤𝑟𝑟𝑥𝑥𝑡𝑡 +  𝑈𝑈𝑟𝑟ℎ𝑡𝑡−1 + 𝑏𝑏𝑟𝑟) (2) 
 

where: 
𝑟𝑟𝑡𝑡 : Reset Gate parameter 
𝑤𝑤𝑟𝑟 : Weight for determining Reset Gate value 
𝑈𝑈𝑟𝑟   : Weight of value determination on Reset 
 Gate for Hidden State 
𝑏𝑏𝑟𝑟    : Bias value on the Reset Gate 

 

The 𝑟𝑟𝑡𝑡 parameter determines the historical data 
limit that needs to be removed [12]. 𝑟𝑟𝑡𝑡 is calculated 
through the sigmoid activation function previously 
applied to the weighted sum value in the previous 
hidden state. 

ℎ𝑡𝑡� = tanh (𝑤𝑤ℎ𝑥𝑥𝑡𝑡 +  𝑈𝑈ℎ(𝑟𝑟𝑡𝑡 ∗ ℎ𝑡𝑡−1) + 𝑏𝑏ℎ) ) (3) 
 

where: 
 

ℎ𝑡𝑡�    : Candidate State  
𝑏𝑏ℎ : Bias term value on candidate state 
𝑊𝑊   : Weight for calculating the candidate state 
𝑈𝑈ℎ   : Weight value in determining candidate 
states 
tanh  : Tangent activation function 

 

The candidate hidden state ℎ𝑡𝑡� , represents the 
temporary updated state before being adjusted by the 
update gate [12]. The ℎ𝑡𝑡 parameter is calculated using 
the tanh function (hyperbolic tangent function) 
applied to the X parameter (total weighted value of the 
current input) and Z (element-wise product obtained 
from the reset gate with the previous hidden state). 

 

ℎ𝑡𝑡 = 𝑧𝑧𝑡𝑡 ∗  ℎ𝑡𝑡−1 +  (1 −  𝑧𝑧𝑡𝑡) ∗  ℎ𝑡𝑡�  (4) 
 

 

Where ℎ𝑡𝑡 denote Hidden State parameter. 
The final value of the ℎ𝑡𝑡 parameter is determined 

through interpolation between M and N, where M is 
the previous hidden state; and N is the candidate 
hidden state [13]. The update gate controls the 
weighting of these two states, ensuring that relevant 
past information is retained while incorporating new 
knowledge. 

 
2.3. Evaluating Model Performance 

 
After training, the model undergoes evaluation to 

assess its performance. This stage involves testing the 
prediction results against actual data in order to 
measure the accuracy of the model. [14]. If the model 
does not meet the expected performance criteria, 
refinements and retraining are conducted to improve 
its predictive capabilities. 

In this research, model accuracy will be evaluated 
using Mean Absolute Percentage Error (MAPE). The 
main advantage of MAPE is that it provides clear 
assessment standards that are easy to interpret and 
does not depend on the type of scale and data units 
used [15]. MAPE works by comparing the average 
percentage error between the predicted value and the 
actual value. Mathematically, MAPE is formulated as 
follows: 

 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 =  ∑ | 𝑦𝑦𝑖𝑖−𝑦𝑦�𝑖𝑖
𝑦𝑦�𝑖𝑖

|𝑛𝑛
𝑡𝑡=1 x 100%           (5) 

Where: 
𝑛𝑛  : Sample size   
𝑦𝑦�𝑖𝑖  : Predicted value at i-th period 
𝑦𝑦𝑖𝑖  : Actual value at i-th period 

 
The following is the classification of prediction 

accuracy based on the MAPE value [17]: 
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Table 1. Prediction accuracy classification based on MAPE 
values 
 

MAPE value intervals Accuracy category 
<10% Very accurate 

11 – 20 % Accurate 
21 – 50% Moderately accurate 

>51% Not accurate 
 

Based on the accuracy category in Table 1, it is 
known that the recommended prediction value is at 
least in the 10 – 20% interval so that the accuracy 
results are still included in the accurate category. 

 
2.4. Loss Risk Prediction using VaR Based on Predicted 

Value from GRU Model 
 

After obtaining the GRU model with optimal 
parameters, the model is used to determine the 
predicted price. Through the GUI application that has 
been developed, users can determine: 

 

1. Predicting New Data with the GRU Model: 
Running the trained model to produce future 
stock price estimates. 

2. Calculating VaR Using Predicted and 
Historical Data: Combining predicted and 
historical stock data to compute Value at Risk 
(VaR), which provides insights into potential 
financial risks. 

 

Risk prediction is determined using the Value at 
Risk (VaR) method with a Historical Simulation 
approach. VaR is defined as the maximum loss that 
will occur in a certain period of time with a confidence 
level of (1-α) % [18]. 

Specifically, the Historical Simulation approach 
works by utilizing historical return data without any 
specific distribution assumptions. Historical 
simulation is based on the principle that past events 
are likely to recur and occur again in the future [19]. 
VaR-HS is formulated as follows: 

 

𝑉𝑉𝑉𝑉𝑉𝑉 =  𝑉𝑉0 x 𝑃𝑃𝛼𝛼  x √𝑡𝑡       (6) 
 

Where:  
𝑉𝑉𝑉𝑉𝑉𝑉  : Los risk prediction    
𝑉𝑉0      : Initial investment value 
√𝑡𝑡    : Holding period 
𝑃𝑃𝛼𝛼      : The α-th quantile of return distribution 

 

𝑃𝑃𝛼𝛼 = 𝑎𝑎 x 𝑛𝑛 (7) 
 

𝑛𝑛 ∶ Sample size 
  

By using historical data, VaR provides a 
quantitative estimate of financial risks associated with 
stock predictions, allowing for better decision-making 
in risk management. 

 
 

The results section describes the system design 
developed for predicting stock prices while 
simultaneously analyzing investment risks. This 
system integrates historical stock data with 
predictions generated by the Gated Recurrent Unit 
(GRU) model. The primary objective of this system is 
to provide a broader understanding of stock price 
movements and potential future risks. 

The system consists of several key components: 
processing historical data as test data, predicting 
prices using the GRU model, and calculating risks by 
integrating historical data with prediction results. This 
approach is designed to provide accurate analysis and 
assist users in making informed investment decisions 
based on comprehensive information. Additionally, 
the system is equipped with a graphical user interface 
(GUI) designed to simplify users’ understanding of 
predictions and risk analysis. With this design, the 
system aims not only to produce accurate forecasts but 
also to provide clear insights into stock price patterns 
and risks. 

 
2.5. System Interface and Implementation 

 
The application system is developed using the 

Tkinter library to build the graphical interface. Named 
the "Stock Prediction and Investment Risk Analysis 
Application," this tool assists users in predicting stock 
prices and analyzing risks. this tool is designed to 
assist users in predicting stock prices and analyzing 
potential investment risks based on historical market 
data. The application works by combining the GRU 
model with VaR. Each model has a specific task. GRU 
is tasked with processing historical stock price data as 
a reference for obtaining price prediction values. VaR 
is tasked with using the price prediction results from 
the GRU model to measure the risk of losses that will 
occur. 

The interface of the system is structured with a 
well-organized layout, making it accessible for users 
with different levels of experience in financial 
analysis. It includes various sections such as data input 
fields, a prediction results display, risk assessment 
indicators, and a visualization panel. Users can input 
stock market data, select desired parameters, and run 
the predictive model seamlessly. 
 
2.6. Main Interface 

 
Figure 2 illustrates the initial display of the Stock 

Prediction and Investment Risk Analysis Application, 
which predicts stock prices and risks for blue-chip 
stocks such as MYOR and TBIG. The application 
utilizes the GRU model to provide accurate analysis, 
aiding users in making investment decisions.  
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At the center, a brief description of the 
application’s purpose is displayed in a gray-colored 
box. Below, three primary buttons are available: 
"View Graph" for data visualization, "Prediction 

Page" for stock price predictions, and "VaR Page" for 
Value at Risk (VaR) calculations as part of investment 
risk analysis. The simple yet functional design 
enhances user comprehension and usability. 

 

 
 

Figure 2. Main interface of application 
 

The Python script implementing this GUI displays 
the application title followed by a frame containing a 
brief project description, emphasizing stock price and 
risk prediction using the GRU model. Below this 
frame, three main navigation buttons provide access to 
other pages: Upload Data, Prediction Page, and VaR 
Page. The bottom section of the interface includes a 
footer displaying application copyright information. 
This structured and informative design serves as the 
starting point for users to explore the application’s 
core functionalities. 

 
 

2.7. Upload Data Feature 
 

Figure 3 presents the "Upload Data & View 
Statistics" menu, designed for data upload 
functionality and stock statistics visualization. This 
page focuses on stock data manipulation and analysis. 
At the top, four primary buttons are available: "Upload 
CSV" for selecting stock data files, "Show Graph" for 
refreshing the visualization with updated data. The 
“Process Data” menu to to perform pre-processing on 
the data, and "View CSV" for to display the data that 
has been uploaded. 
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Figure 3. Upload and preprocessing menu 

This application provides a user-friendly interface 
for analyzing stock data. Users can upload CSV files, 
visualize data trends through interactive graphs, and 
access key statistical insights. The app ensures data 
accuracy by verifying required columns before 
generating visual representations. Additionally, it 
presents essential descriptive statistics, such as the 
mean and standard deviation, for a comprehensive 
overview of the uploaded data. 

 
Table 2. Features on the data upload page 
 

Feature Function Description 

Upload 
Data 

Allows users 
to upload files 

or datasets. 

Users can upload file 
types CSV for 

processing. 

Show 
Data 

Displays the 
uploaded or 

processed data. 

After uploading, users 
can view the content in 

a structured format, such 
as a table. 

Windows 
Data 

Splits data into 
training and 
testing sets, 

then sequences 
it. 

Users can choose the 
train-test split ratio and 

define how many 
sequential data points 
should be included in 
each window. This is 
useful for time-series 

analysis. 

 
As Table 2 describes, the Windows Data feature 

allows users to preprocess sequential data through 
normalization, splitting, and windowing. Data 
normalization using the Min-Max approach serves to 
reduce data to values between 0 and 1.  

 
 

This process is carried out using the following 
equation [16]: 

 
𝑥𝑥𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠  =  

𝑥𝑥 −  𝑥𝑥𝑚𝑚𝑚𝑚𝑚𝑚

𝑥𝑥𝑚𝑚𝑚𝑚𝑚𝑚 −  𝑥𝑥𝑚𝑚𝑚𝑚𝑚𝑚
 (8) 

Where: 
𝑥𝑥𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 : normalization process results data 
𝑥𝑥𝑚𝑚𝑚𝑚𝑚𝑚    : the smallest data value 
𝑥𝑥          : actual value 
𝑥𝑥𝑚𝑚𝑚𝑚𝑚𝑚    : the largest data value 

 
This step helps improve model stability and is an 

essential part of preprocessing, as demonstrated in the 
study, which evaluates the impact of various data 
normalization techniques on ANN model performance 
for electricity consumption prediction [20].  

Then, users are asked to determine the training and 
testing data distribution scheme. Users can choose 
several combinations of values. For example, 80% and 
20%. This means that 80% of the initial data will be 
allocated as training data, while the remaining 20% 
will serve as testing data. At this stage, users must 
ensure that the data distribution is proportional, with 
the training data proportion being greater than the 
testing data proportion. Finally, the sliding window 
method is applied, where the user specifies a sequence 
length to structure the data. This method creates 
overlapping windows of consecutive time steps. Each 
sequence serves as an input, and the next value is the 
prediction target. This approach is particularly useful 
for time-series forecasting and machine learning 
models that require sequential dependencies such as 
GRU [21]. 
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2.8. Prediction Page 
 
Figure 4 illustrates the model configuration page 

for prediction, designed with a dynamic layout.  

At the top, the model configurations can be made 
via the "Configure Layer" button, with the model 
architecture details displayed in the "Model 
Architecture" text area. 

 

 
 

Figure 4. Prediction page 
 

This application offers an intuitive interface for 
configuring a stock prediction model powered by 
neural networks. Users can customize the model by 
selecting layers, choosing an optimizer, and adjusting 
prediction settings.  

The interface allows for seamless model 
architecture refinement and training, enabling users to 
build and optimize their predictive models with ease. 

 

 
Table 3. Features on the prediction page 
 

Feature Function Description 

Select Layer Allows users to choose neural network layers. 
Users can customize their model by selecting 

different layers, enabling dynamic model 
architecture. 

Train Model Trains the selected predictive model. The system learns from the dataset to make future 
predictions based on the chosen model structure. 

Delete Model Removes an existing trained model. Useful for managing different models and 
versions. 

Test Model Evaluates the performance of the trained 
model. 

Runs the model on test data to measure accuracy 
and effectiveness. 

Show 
Prediction Displays prediction results. 

Visualizes the model’s predictions and 
performance metrics through graphs and 

numerical output. 
Prediction 
Analysis Provides insights into model performance. Displays key evaluation metrics such as accuracy, 

loss, and error analysis. 
Input Custom 

Parameters 
Allows users to manually enter model 

parameters. 
Users can fine-tune hyperparameters such as 

learning rate, batch size, and activation functions. 
Set 

GRULayers Adjusts the number of GRU layers. Configures the depth of the GRU-based neural 
network for sequential data processing. 

Epochs Sets the number of training iterations. Determines how many times the model processes 
the entire dataset during training. 
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Referring to Table 3, there are nine features in the 
application that can be used. These features function 
in building a GRU model for price prediction. The 
resulting price predictions then serve as a reference for 
predicting the risk of loss. 

In this feature also showcases the trained model’s 
evaluation results. The visualizations include loss 
values indicating prediction errors and a comparison 
between predicted and actual data. This interface 
enables users to comprehensively assess model 
performance. The loss is calculated using Mean 
Squared Error (MSE), which is defined as [22]. 

 

𝑀𝑀𝑀𝑀𝑀𝑀 =  ∑ �(𝑥𝑥𝑖𝑖−𝐸𝐸(𝑖𝑖))2

𝑛𝑛
𝑛𝑛
𝑖𝑖=1            (9) 

Where: 
MSE: Mean Squared Error 
𝑥𝑥𝑖𝑖      : Data Test 
𝐸𝐸(𝑖𝑖): Predicted Data 
𝑛𝑛     : Total of Data 

where 𝑛𝑛 is the number of samples, 𝑥𝑥𝑖𝑖 is the actual 
value, and 𝐸𝐸(𝑖𝑖))  is the predicted value. A lower 
MSE indicates better prediction accuracy. The 
training process involves backpropagation, which 
updates the models’ parameters based on the 
computed loss, and this is iterated over the number of 
epochs set by the user.  

The next step in training a GRU is to apply 
Backpropagation Through Time (BPTT) to compute 
the gradients and update the weights [23]. BPTT is a 
method used to propagate errors over time in recurrent 
networks like GRU, utilizing the chain rule to 
compute gradients with respect to each parameterc 
[24], [25]. 

Users can input the desired number of predictions, 
which are made using the last window of available test 
data. The system applies a sliding window approach, 
where each predicted value is used as input for the 
next step, repeating until the specified number of 
predictions is reached.

 
 

Figure 5. Prediction feature 
 

To obtain the predicted values, users can press the 
Predict button on the user interface. This button 
executes the trained model and generates predictions, 
as shown in Figure 5. 

 
2.9.  Value at Risk (VaR) Page 

 
Figure 6 displays the "Investment Risk Analysis" 

page, designed for investment risk analysis based on 
return data.  

The top section features a histogram chart 
illustrating return data distribution, helping users 
understand stock risks. Below the histogram, a red 
notification warns users that prediction data is 
unavailable for VaR calculations. Three interactive 
buttons are provided: "Retrieve Test Data" to load 
return data, "Calculate VaR" to compute risk values, 
and "Back" to navigate to the previous page. The 
lower section includes a results area where VaR values 
appear after computation.
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Figure 6. Value at Risk page 
 

Figure 6 shows a display of the risk analysis menu 
using VaR. The VaR calculation is performed after the 
price prediction process is complete. The Python 
script implementing this page uses Tkinter to create a 
GUI for VaR-based risk analysis. The HalamanRisiko 
class, a subclass of tk.Frame, manages visual elements 
such as histogram charts, notifications, and result 
displays.  

Users retrieve test data using an interactive button 
and compute VaR using an integrated method. If data 
is unavailable, a notification appears automatically, 
and the computed VaR results are displayed in a 
designated text area. 

 

 
Table 4. Features on the Value at Risk page in figure 6 
 

Feature Function Description 

Histogram Returns Displays the distribution of returns. A graphical representation showing the 
frequency of different return values. 

Get Test Data Loads test data for analysis. Retrieves test dataset for risk analysis and 
Value at Risk (VaR) calculation. 

Calculate VaR Computes Value at Risk. Performs risk assessment using statistical 
methods to estimate potential losses. 

Back Returns to the previous screen. Allows the user to navigate back without 
proceeding further. 

VaR Result Displays the calculated VaR value. Shows the risk estimation result after running 
the VaR calculation. 

In Table 4, there are a selection of features that can 
be utilized by users when making risk predictions, 
starting from histogram visualization, to risk 
prediction values calculated using a historical 
simulation approach. 

Then, users can view the collected data by pressing 
the View Data button, as shown in the Figure 6. This 
button allows users to access and review the data 
visually, making it easier to verify, analyze, and 
understand the collected information. 
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Figure 7. Data collection used for VaR calculation 
 

Figure 7 is an example of the data display that will 
be used to determine model parameters in VaR risk 
prediction. The final output displays a graphical 
representation of the risk analysis, where the 
histogram includes a red vertical line indicating the 
VaR value, along with a percentage label representing 
the associated risk level. This allows users to visually 
interpret the financial risk based on the analyzed data. 
Additionally, the calculated VaR result is shown 
alongside the graph, providing users with both a 
numerical and graphical understanding of potential 
losses over the selected period. 

 
 
 

 

3. Results 
 

In this study, simulations were conducted on 
Mayoora Ltd shares with the code MYOR.JK, which 
are classified as bluechip stocks on the Indonesia 
Stock Exchange. This selection was based on several 
aspects, including: (i) Stable and high market 
capitalization over the past 5 years; (ii) High demand 
among investors, as evidenced by high daily trading 
volumes. The time range used in the historical data is 
from July 1, 2019, to July 31, 2024 (1,237 trading 
days). Data analysis was performed using a GUI 
application. The first result obtained was a time series 
plot visualization, which is presented in Figure 8: 

 

 
 

Figure 8. Dataset visualization 
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Referring to several previous studies, the ideal 
proportion of training and testing data is 80% and 
20%. This distribution is considered robust enough for 
the GRU model to obtain the best accuracy. Therefore, 
this proportion will be used in this study. 

Additionally, a sliding window technique with a 
40-day window was implemented to capture short-
term trends and patterns within the dataset. 

 

Figure 9 illustrates the data input process within the 
"View Graph" menu. When the "Upload Data" button 
is clicked, the application opens a file explorer dialog 
for users to select the desired stock data file. The 
system ensures that only CSV files are accepted as the 
standard format for stock data storage. This feature 
allows dynamic external data input for real-time stock 
analysis, ensuring compatibility with supported file 
formats. 

 

 
 

Figure 9. Data imputation process into the application 
 

Figure 10 shows the GUI interface after data is 
uploaded and the "Update Graph" button is clicked. 
The displayed line graph illustrates "Closing Prices 
Over Time," with the X-axis representing dates and 
the Y-axis representing stock prices.  

At the bottom of the time series plot, there is a text 
box that displays descriptive values of stock price 
data. These descriptive values allow users to obtain 
information about the initial characteristics of the data 
to be analyzed using the GRU and VaR models. 
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Figure 10. Visualization results in the application

Additionally, the "Windows Data" button 
processes uploaded data by splitting it into training 
and testing sets. A sliding window method is applied 
to both datasets, preparing them for stock price 
prediction. This feature ensures automatic data 
preparation, making it ready for predictive modeling 

Next, the application was developed to create a 
Gated Recurrent Unit (GRU) model, allowing users to 
generate and train their own GRU-based predictions. 
This model was selected for its efficiency in handling 
sequential data, particularly in capturing temporal 
dependencies in stock price movements. The 
application enables users to customize various 
parameters to optimize the model’s performance 
based on their specific needs. The GRU model in the 
application was configured with the following 
parameters.  

In this study, a price prediction simulation was 
carried out using GRU with the selected parameters 
attached in Table 5: 

 
 
 

Table 5 GRU model implemented in the application 
 

Parameters Value 
GRU (64, Return Sequence = TRUE) 

Dropout (0.2) 
Dense (8, Rel-U) 

 (1, Linear) 
 

By integrating this functionality, the application 
provides a flexible and interactive approach to time-
series forecasting, empowering users to analyze and 
predict stock price trends with greater accuracy. 
During the model training phase, the GRU model will 
be optimized using the Adam optimizer with an Epoch 
value of 50. This optimization aims to help the model 
improve its ability to learn varying data patterns while 
maintaining an efficient computational process. 

In addition to displaying predicted values, this 
application also displays output in graphical form, 
including Training and Validation Loss, as well as a 
comparison graph between predicted and actual 
values. The graphical display is shown in Figure 11: 
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Figure 11. Model performance results in the application 
 

Furthermore, the MAPE value is used as a 
measure to evaluate the model's accuracy so that 
users will have definite information on how accurate 
the prediction results are. The evaluation results 
indicate that the Adam optimizer achieving the 
lowest MAPE of 2.33%. 

Once the model is trained and optimized, it will be 
used for predicting stock price data and assessing 
potential risks using new input data processed 
through the GRU model.  

The predictions will generate stock price forecasts 
for the next five days, allowing for short-term trend 
analysis and risk evaluation. The predicted results 
will be shown in the application, providing users with 
essential information on expected market 
movements. This enables users to analyze potential 
risks and make informed decisions based on the 
forecasted data. 

 

 
 

Figure 12. New data prediction results in the Application 
 

Figure 12 is an example of the prediction results 
provided by GRU for the period after the out-sample 
date.  

Users can adjust the number of prediction results if 
they require a longer prediction period.  
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Then, the visualization of the predicted data can be 
viewed by users by clicking the "Visualization" 
button. Upon clicking, the system will generate a 
graphical representation of the stock price trends, 
enabling users to compare actual test data with the 
predicted values.  

 

In this visualization, the test data is displayed in 
blue, representing the actual market movements, 
while the predicted stock price trends are illustrated 
using a red dashed line. This intuitive representation 
allows users to easily identify patterns, deviations, and 
trends, helping them gauge the accuracy of predictions 
and assess potential risks. 

 

 
 

Figure 13. Visualization of Test Data and Predicted Data 
 

Referring to Figure 13, users can compare the 
predicted results for the period after the out-of-sample 
date with the testing data. This figure can serve as a 
reference for observing the price movements that 
occurred. 

The last section of this application contains a loss 
risk analysis. Risk prediction using the VaR-HS 
method is carried out by utilizing stock price data 
predicted by the GRU model. In this simulation, the 
VaR model parameters are determined as follows: 

 

V0  = IDR 1.000.000,- 
t   = 5 days 
1- α = 95% 

The determination of these parameters is not 
absolute, meaning that users can replace them with 
other values according to their needs. Based on the 
analysis obtained, the quantile value at α = 5% is -
0.0283. This means that the predicted risk of loss for t 
= 1 is no more than 2.83% of the total funds invested. 
For t = 5, using equation (6), the VaR prediction is 
6.3362%. If the initial investment value is IDR 
1,000,000, then the nominal predicted loss is IDR 
63,362. 
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Figure 14. VaR calculation results in the application 
 

Based on Figure 14, the VaR prediction results 
provide information to users regarding the possible 
value of the risk of loss that will occur (in percentage), 
in addition to that, information is also presented on the 
selected holding period, as well as the confidence 
level value. Further interpretation based on the VaR 
prediction value is that, at a 95% confidence level and 
a holding period of 5 days, the maximum risk of loss 
that investors may experience if they invest IDR 
1,000,000 is IDR 63,362. By combining past trends 
with forward-looking predictions, the application 
enhances the accuracy of risk estimation, providing 
users with valuable insights for decision-making in 
asset risk management. 
 
4. Discussion 
 

The results obtained in this study demonstrate the 
effectiveness of the GRU model in predicting stock 
prices and assessing investment risks. The integration 
of predictive modeling with risk analysis provides a 
comprehensive approach for investors seeking data-
driven decision-making tools. The system’s ability to 
visualize historical data, predict future trends, and 
calculate risk values offers valuable insights for stock 
market analysis. 

Furthermore, the graphical user interface enhances 
usability, allowing users to interact intuitively with the 
predictive model and risk assessment tools.  

The modular design of the system ensures 
flexibility for future enhancements and 
improvements, making it adaptable to various stock 
market conditions. The results underscore the 
importance of integrating machine learning models 
with financial analysis tools to improve investment 
decision-making processes. 

 
5. Conclusion 

 
This research is a quantitative analysis focused on 

developing a GUI-based application for price 
prediction and risk of loss, specifically for stock asset 
data in Indonesia. In theory, price prediction is 
performed using the GRU model, while risk-of-loss 
prediction is performed using the VaR model with a 
historical simulation approach. The two models are 
combined into a hybrid model, enabling price 
prediction and risk of loss to be performed in a single 
analysis. Broadly speaking, the GUI application 
consists of four parts. The first part covers the 
application’s initial display. The second part contains 
the data input and the pre-processing. The third part 
contains the data analysis process using the GRU 
model to obtain price predictions. The final part is a 
menu for predicting los risk values. The GUI 
application has proven effective, simplifying the 
analysis process through its simpler features and 
procedures. Furthermore, the application continues to 
provide accurate predictions, making it highly 
recommended for investors. One possible 
development of the application’s features is to add 
options for the risk model used, for example, VaR with 
Monte Carlo Simulation. This addition is important to 
improve the accuracy of loss risk predictions. 
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