Published online on: https://journal.uii.ac.id/jurnalsnati/ M) Cheok for updates
DOI: 10.20885/snati.v4.i2.40389

TURNALY  Jurnal Sains, Nalar, dan Aplikasi

SNATI Teknologi Informasi

e sz asobsinons—\/o] 4 No. 2 (2025) 82 - 91 ISSN Media Electronic: 2807-5935

Deep Learning-Based Bidirectional RNN for Cryptocurrency Price
Prediction with Hyperparameter Tuning

Dori Gusti Alex Candra'”, Nurdi Afrianto?, Idir Fitriyanto®, Eka Sofiati*, Budi Permana Putra’
1.3:45Department Of Information Systems, Institut Teknologi Mitra Gama, Riau, Indonesia
?Department Of Information Technology, Institut Teknologi Mitra Gama, Riau, Indonesia
"dorigustialexcandra@gmail.com, 2nurdia_frianto1995@gmail.corn, Sidirfitriyanto45@gmail.com, *ekasfti@gmail.com,
*budipermanaputra96@gmail.com

Abstract

Predicting cryptocurrency is difficult because it has high volatility, where prices can experience spikes or declines due to
market dynamics. This study focuses on NameCoin, one of the oldest altcoins originating from Bitcoin. NameCoin was
selected because it has relatively stable and extensive historical data. The objective of this study is to evaluate the
performance of the Bidirectional Recurrent Neural Network (BiRNN) in predicting NameCoin price movements. This study
employs an experimental method using historical data as input for the training process. Hyperparameter tuning is conducted
systematically using four different scenarios to obtain the optimal model configuration. The dataset is divided into 80% for
training the model and 20% for testing the performance of the trained model. Model performance is evaluated using RMSE,
MSE, MAPE, coefficient of determination (R?), Directional Statistic (D-Stat), and loss value as indicators of model accuracy
and stability. The experimental results show that Scenario 1 produces the most optimal performance, with RMSE = 0.0216,
MAPE = 2.59%, R? = 0.9899, D-Stat = 53.71%, and the smallest loss value of 0.0012. These performance metrics indicate
that the BIRNN model effectively captures nonlinear trends and accurately predicts the direction of price movements.
Conversely, Scenario 3 had the worst performance, with a MAPE of 10.19%. By comparing these scenarios, it is clear that
the configuration in Scenario 1 outperforms the others in terms of prediction accuracy and model stability against data
fluctuations.

Keywords: Deep learning; Bidirectional Recurrent Neural Network; cryptocurrency; Hyperparameter tuning, Evaluation
metrics

1. Introduction participating merchants [6]. The implementation of
non-cash transactions in regional finance is hindered
by banking and regulatory issues, as well as the
potential threats of cybercrime, which raise concerns
among users [7]. Furthermore, electronic money
systems face challenges in maintaining user privacy
and data confidentiality [8].

Bank Indonesia categorizes non-cash payment
instruments into five types: payment cards, checks,
current account deposits, debit instruments, and
electronic money [1]. In recent years, the use of non-
cash payment systems has steadily increased and
become a major trend. This shift has transformed the
way people conduct transactions in their daily Innovations in financial systems to address issues
activities due to its practicality and efficiency [2]. In related to electronic money, such as blockchain, have
the ASEAN region, electronic money transactions led to the emergence of various alternative currencies
have contributed positively to economic growth, known as cryptocurrencies [9]. Cryptocurrency is a
whereas credit card and check transactions have not digital currency system that utilizes blockchain
shown a significant impact [3]. Non-cash transactions technology as its underlying storage mechanism [10].
experienced a compound annual growth rate (CAGR) Blockchain offers high-level security and is
of 48.17% in terms of volume and 16.15% in decentralized by nature, which means that the system
transaction value from 2014 to 2015 to 2019-2020 [4]. is not controlled by any single authority or central
In Eastern countries, non-cash payments have had a entity [11]. All transactions within the blockchain are
positive and significant contribution to per capita GDP transparent, making cryptocurrency transactions easily
growth, particularly in Central and Eastern Europe [5]. traceable [12]. Among the areas of concern in the
However, non-cash payments also present certain digital assets space is the volatility of cryptocurrency
drawbacks. One of the most significant limitations is prices. Research shows that the root causes of the sort
restricted acceptance, as they can only be used at of volatility are the market supply and demand, the
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mining level, and the advancement of blockchain
technology [13]. Another problem in the case of
cryptocurrency time-series is its propensity to act like
Brownian noise thus being highly complicated and
unpredictable [14]. The inherent volatile and complex
behavior of cryptocurrency is the prominent setback
for the accurate price prediction [15] .

The application of machine learning in cryptocurrency
research has continued to grow, particularly in price
prediction and trend analysis [16]. Various machine
learning techniques, such as classification and time
series models, have been explored. The availability of
diverse datasets and resources has facilitated the
integration of ML algorithms in crypto trading
research [17]. In one study [18], linear regression was
used to predict Bitcoin prices. Researchers used one of
the financial indicators such as Simple Moving
Average (SMA) and Exponential Moving Average
(EMA). for trend analysis, along with key levels like
support and resistance for trend confirmation. The
dataset, obtained from Kaggle, represented Bitcoin
prices in USD, ranging from December 1, 2014, to
April 22, 2020, consisting of 8 columns: Timestamp,
Opening Price, Highest Price, Lowest Price, Closing
Price, Volume in BTC, Volume in Currency, and the
Weighted Average Price. The results showed a model
accuracy of 96.97%. Another study [19] implemented
the Support Vector Regression (SVR) algorithm to
predict cryptocurrency prices using datasets for
Bitcoin, XRP, and Ethereum. The focus of the study
was on kernel types, namely linear, polynomial, and
radial basis function (RBF). The findings indicated
that the parameters Gamma and C significantly
impacted the SVR model, with Gamma values of
0.00001 and 0.00005 for the polynomial and RBF
kernels, respectively. The optimal epsilon value was
0.2. The RBF kernel shows superior performance
compared to others when evaluated on the Mean
Absolute Error (MAE) metric, Mean Squared Error
(MSE) evaluation metric, Root Mean Square Error
(RMSE) similarity, as well as the Coefficient of
Determination (R?) metric. Achieving an R? score of
78% for Bitcoin, higher than Ethereum’s 56%,
highlighting RBF’s effectiveness for non-linear data.
In a different study [20], ARIMAX, FBProphet, and
XGBoost algorithms were used to analyze Bitcoin
prices. Research evaluation is based on evaluation
metrics, namely the Root Mean Square Error (RMSE)
metric, the Mean Absolute Error (MAE) evaluation
metric, and the R? metric. The dataset, sourced from
Kaggle, consisted of 8 features. ARIMAX proved to
be the most effective for Bitcoin price prediction with
an RMSE of 322.4, while FBProphet and XGBoost
achieved lower RMSE values of 229.5 and 369,
respectively. Another study [21] aimed to predict
cryptocurrency market trends. The dataset was
compiled from various crypto exchanges beginning in
2018. Key indicators used for movement analysis
included Simple Moving Average (SMA), Relative

Strength Index (RSI), Moving Average Convergence
Divergence (MACD), and On-Balance Volume
(OBV). The study evaluated several machine learning
models, including algorithm Quadratic Discriminant
Analysis (QDA), algorithm K-Nearest Neighbors
(KNN), algorithm Logistic Regression, and Neural
Networks. Logistic Regression outperformed the other
models with an accuracy score of 0.979, MSE of
0.418, AUC of 0.633, and cross-validation (CV) score
0f 0.878.

The selection of Namecoin here is because of the age
and continuity of its data. As one of the first cryptos
and the first altcoin to be created out of Bitcoin’s
source code, Namecoin offers a relatively long and
stable historical dataset, which is highly suited to
modeling through time series [22] . Unlike most of the
other cryptos either recently developed or highly
volatile, Namecoin is less volatile in order to provide
more stable data, which is better for prediction. Also,
scientific literature that is specifically related to the
price forecasting of Namecoin is scarce, and the
current work is to meet the growing literature on the
price prediction of Namecoin.

Bidirectional Neural Networks (BiNNs) have many
advantages in different areas of application. For
natural language processing (NLP), BiNNs can be
used for improving the diagnostic prediction
performance without the employment of additional
parameters, and also for enhancing named entity
recognition by handling boundary tag sparsity and
reducing error propagation [23]. In time-series
condition monitoring and fault diagnosis, BiNNs
outperform conventional architectures in error
detection and classification situations [24]. BiNNs
were also successful in speech recognition and text-
processing-based applications [25]. The fact that they
can process information in the forward and backward
directions is particularly important here, in the sense
that the model is better able to process long-range
dependencies and overall context [23].

2. Research Methods

This study consists of a series of systematically
designed steps aimed at achieving optimal results.
Each step plays a crucial role and must be carried out
sequentially to ensure an effective research process.
The process begins with the data collection phase,
where relevant historical data related to cryptocurrency
is gathered for further analysis.

Once the data has been acquired, the next step is data
preprocessing. In this phase, the data is cleaned and
prepared to align with the research requirements and to
be ready for modeling. This is followed by the model
design and implementation stage, where the model is
developed according to the objectives of the study.
The final stage is the evaluation phase, where the
performance of the developed model is tested and
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analyzed based on predefined evaluation metrics. The
overall workflow of this research is illustrated in the
flowchart presented in Figure 1.

Data collection

L4
preprocessing
Z
model design
AV 4
implementation

7

Evaluation

Figure 1. research flow diagram

2.1. Data collection

This study utilizes historical data from the
cryptocurrency Namecoin as the primary subject of
analysis. The selection of Namecoin is based on its
significant role in the evolution of blockchain
technology and its influence on the dynamics of the
global digital asset market. A total of 4,207 data points
were collected from the CryptoCompare website,
covering the period from November 8, 2013, to May
14, 2025. This extended time span was intentionally
chosen to evaluate the long-term effects of market
dynamics on the performance of Namecoin. An
illustration of the dataset used in this study is
presented in Figure 2, sourced from CryptoCompare.

A B i@ D E F G
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2 11/8/2013 0.4871 2.84 0.5584 2.84 25 71
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17 | 11/23/2013 4.177 4.336 3.784 3.784 5.9 37.46
18 | 11/24/2013 3.784 3.786 1.988 3.786 13.87 52.51
19 | 11/25/2013 3.786 3.952 3.459 3.459 100.74 348.42
20| 11/26/2013 3.459 9.7 4.042 7.76 802.77 6229.24
2111/27/2013 7.76 12 6.749 10.8 665.75 7189.37
22 | 11/28/2013 10.8 44.23 8.158 20.78 806.5 16761.52
23 |l 11/90/n13 an 70 e £330 1410 A0E =3 wnaze

namecoin_usd_full [C)

Figure 2. Dataset

Table 1 presents the column features that capture daily
information on the price and trading volume of the
Namecoin cryptocurrency. The date column indicates
the recording date, which is then converted into a
standard date format to facilitate time-based analysis.
The price column reflects the average price of
Namecoin on that particular day, while the open, high,

and low columns represent the opening price, the
highest price, and the lowest price during that trading
day, respectively. Additionally, there are two volume-
related columns: volumefrom and volumeto. The
volumefrom column indicates the total number of
Namecoin units traded, whereas the volumeto column
represents the total value of those trades in US dollars.
This combination of data supports the analysis of price
trends as well as market activity for Namecoin over
time.

Table 1. Dataset Features

No.  Column Data Information
Name type

1 Date object Price recording date

2 Price float64  Namecoin average
price on the day

3 Open floatb4  Namecoin opening
price on the day

4 High floatb4  Namecoin's highest
price in one day

5 Low floatb4  Namecoin lowest
price in one day

6 volumefrom floatb4  Number of Namecoin
units traded on that
day

7 volumeto float64  Total trading value of

Namecoin in USD

2.2. Data Preprocessing

e Missing Value

Missing values often present significant challenges in
data analysis. Proper handling of these missing values
can lead to more accurate conclusions and have a
substantial impact on the performance and
development of machine learning models.

e Outlier

Outliers refer to values that significantly deviate from
the data distribution pattern within a statistical sample.
These values differ markedly from other data points in
the same column, and their presence can provide
important information for the ongoing data analysis.

e Data Normalization

The Min-Max normalization method is an approach
that applies a linear transformation to raw data to
compare values before and after

x _ Xold— Xmin
new —

(1

Xmax~Xmin

In the normalization process, Xp., represents the
adjusted value, while x,;4 is the original data value.
The smallest value in the dataset is denoted as X,;n,
and the largest value as x,,,,. Through this approach,
the data is scaled typically between O and 1, which
helps accelerate the training process of the analysis
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model while maintaining stability and accuracy when
processing cryptocurrency data.

2.3. Bidirectional RNN

Deep learning techniques, especially algorithm
Recurrent Neural Networks (RNN), are commonly
used to process various sequential data, including tasks
like time series analysis [26]. RNNs have the ability to
remember previously learned information, enabling
them to predict subsequent outcomes more accurately
[27]. Their operation involves feeding back outputs
generated in the hidden layers, which allows the
information to be retained longer and used to correct
errors in subsequent processes through weight updates
[28]. Figure 2 illustrates the RNN process before and
after being unrolled into a full network. x; is the input
at time t, while h; is the output of the RNN process.
Once unrolled, the entire network becomes fully
visible. The process starts by taking x, as input,
producing h;, which together with x, serves as input
for the next step. Thus, h; and x; become inputs for
subsequent steps, as expressed in equation (1)
hy = 0p(Wxn Xe + Wpp he—q + by) (1)
The matrix wp,  represents the set of weights
establishing the connection between the input and
hidden layers, wy, is the weight matrix for the
recurrent connections, The bias vector is represented
by by, and o3, corresponds to the activation function
most often realized through tanh or ReLU. [29]. The
output at each time step t is calculated using equation

(2).
Vi = 0y (Whyht + by) @)

We use wp,, to denote weights contained in the hidden
layer as well as the output layer, b, for a bias vector.
gy denotes the activation function for use at the output
layer output layer of a deep learning model created.

® ® ® ©
Ey - En-un-EE—Em

b & & o

Figure 2. recurrent neural network architecture

Bidirectional recurrent neural network (BiRNN) refers
to a form of recurrent neural network that has been
improved by processing two directions of input data,
with outputs being summed together to generate the
final output [30]. Figure 3 illustrates the BiRNN
architecture. A pair of RNN cells, called BiRNN (f)
for the forward recurrent neural network and BiRNN
(b) for the backward recurrent neural network, form
the BiRNN [31]. These cells analyze the input data

sequence in two different directions, namely forward
and backward.

The forward BiRNN processes time steps from t = T
to T, while the backward BiRNN processes from t =
T to 1. This requires the simultaneous calculation of
both the forward hidden sequence of layers in the
algorithm h; and the backward hidden sequence hy, in
an RNN. Both the forward and backward hidden
sequences h¢ and h;, are computed concurrently [30].
These two sequence equations are then combined to
update the output sequence, namely y. This is shown in
equations (3), (4), and (5).

hf
hb

Wxhf xt + Whf hf (t —1) + bhf
Wxhb xt + Whb hb(t — 1) + bh

3)
4)

Matrices wyp,r and wyy,, are weight parameters which
map input X, into hidden state representations for the
forward network and backward network, respectively.
Meanwhile, wyy and wy, are the weight matrices
responsible for linking the hidden states from the Past
time steps lead to hidden state layers used at the
current time. The bias known as a vector symbolized
by and the weights by, are incorporated into hidden
states to enable the model to learn necessary
adjustments, enhancing the fit between the data and its
predictions. At every moment of time t, the forward
hidden state hs, as well as backward hidden state hy,
are merged to generate the output sequence ;.

yt = Whf hft + Whb hbt + by . (5)

Figure 2. bidirectional recurrent neural network architecture

Following the construction of a model, subsequent
steps are to perform a few tests to find out how
accurate the model we have created. In this research,
two statistical tests are employed, namely the Mean
Squared Error (MSE) evaluation metric, and the Root
Mean Squared Error (RMSE) metric, both designed to
provide a measure of prediction error magnitude.

Using these two measures, one can get a better idea
concerning how accurately the model can forecast the
data. MSE can be wunderstood as a measure
representing the average squared differences between
real values versus forecasted outputs [32].

The calculation starts by subtracting the predicted
value from the actual value, then squaring the result.
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All squared differences are then summed and divided
by the total number of data points analyzed. The
complete MSE formula is presented in Equation (6),
where Actual refers to the true values, Prediction
denotes the predicted values generated by the model,
and n represents the total amount of data points
analyzed.

_ Y Actual —Prediction?

n

MSE 6)
RMSE (Root Mean Square Error) refers to a statistical
approach to calculate the prediction error generated
based on actual values by determining the square root
value derived from the average of the squares of the
differences between the actual and predicted values.
This metric indicates the average magnitude of errors
in the model, thereby helping to evaluate the accuracy
of the prediction results against the actual data [33].
The formula for RMSE is presented in Equation (7).

Y.(Actual —Prediction)
n

RMSE = \/ (7)

MAPE (Mean Absolute Percentage Error) is an
equivalent representation of MAE. Mean Absolute
Percentage Error (MAPE) measures the average
degree of deviation between a predicted value and the
actual observation, reflecting the relative accuracy of
the model’s forecasts. This evaluation metric is used to
assess the relative size of errors rather than the
absolute errors [32]. The formula for MAPE is shown
in Equation (8).

A— Ft

x 100%

MAPE =% n ®)

A, represents the actual value observed at time t, while
f¢ 1is the value of a prediction based on the same point
in time. n indicates the number of total observations in
a data set. The coefficient of determination in this case
R? (R-Square), is a metric from statistics that reflects
the amount of variance in the dependent variable that
can be explained by the independent variables in the
structure created. R? varies between 0 and 1, with a
value representing how well the group of independent
variables affects the dependent variable. The R?
formula can be observed in equation (9).

2 _ Lii-7)?
R =1 Soewe ©)
Where y; is a data point's actual value, denoting a real
value observed. ¥, denotes a model's forecast value for
a data point i, while ¥ denotes a mean value for all
actual values y; contained in a data set, denoting a
general value of data. Besides measuring prediction
errors, it is also important to assess the direction of
cryptocurrency movements. Directional —Statistics
(Dstat) is used to evaluate how well the model predicts

the movement direction [34]. Dstat computation is
outlined in Equations (10) and (11) with n
representing the training sample quantity, x referring
to actual data, and X referring to forecasted values. A
higher Dstat value indicates better prediction accuracy
of the model.

Dstat = = Y} ;at x 100% (10)
@ = {1 (xe41 — x¢) (J?t+1 - xt)) 20 (a1
t = o
0 (xe41 — x¢) (xt+1 - xt)) <0

3. Results and Discussions

The Namecoin dataset utilized in this study was
sourced from the CryptoCompare website. The dataset
covers the period from November 8, 2013, to May 14,
2025. It contains several attributes, including Date,
Price, Open, High, Low, Volume From, and Volume
To.

The data had been explored in Python for missing
values before training the model. From the results,
there were no missing values to be seen in the Close
attribute. Outlier detection has also been completed
using the application of the Interquartile Range (IQR)
method. Data instances which were outside of the
range 1.5 IQR were considered to be the outliers. From
the original 4,206 entries, 72 were found to be the
outliers after detection, therefore giving an otherwise
clean 4,134 data instances. Data preprocessing had
been completed to address the quality of the data, to
minimize the impact of the extreme values, and to also
optimize the model's performance while being trained.

After undergoing data preprocessing, which serves to
clean the data, the total number of records ready for
use in this study is 4,134. The dataset is divided into
several segments: 80% is used for the training process
and other segments, 20% is reserved for testing, which
serves to assess the model's effectiveness.

During the preprocessing stage, detection and handling
of outlier values were conducted to ensure the quality
of data used in modeling. This procedure utilized the
Interquartile Range (IQR) approach, whereby Q1 and
Q3 were determined from Close price data. The IQR
was then found by deducting Q1 from Q3. The lower
limit was where Q1 was reduced by 1.5 IQR, while the
upper limit was where Q3 was added by 1.5 IQR.
Points outside this selection were classified as outliers
and eliminated from the data. The final result is a
cleaned dataset free from extreme values, making it
more representative and stable for model training.
Figure 3 illustrates the IQR process using Python.

Q1 = df_close["Log_Cl
03 = df_close['Log_Close
IR =Q3- QL

lower bound = Q1 - 1.5 * IR

upper_bound = 03 + 1.5 * IR

df_clean = df _close[(df_close[ Log Close'] »= lower_bound) & (df close['Log Close'

.quantile(d.25)
.quantile(d.75)

<= upper_bound) ..copy()

Figure 3. IQR dengan python

Copyright © 2025 | Candra et al. | Licensee Universitas Islam Indonesia

86



Jurnal Sains, Nalar, dan Aplikasi Teknologi Informasi Vol. 4 No. 2 (2025)

Figure 4 shows the histogram of the dataset. The
histogram  indicates a normal  distribution,
characterized by a bell-shaped curve. Most of the data
is concentrated around the central value, with
frequencies decreasing as values move away from the
center. Further analysis using a boxplot reveals that
most of the data falls within the range of 1.75 to 1.76,
indicating the highest data concentration in this
interval. This information is crucial for understanding
the data’s characteristics and serves as a fundamental
basis for the next stage, which is data modeling.

1.50

B I
N
w

Log_Close
=
(=]
(=]

o
g
]

0.50

0.25 1

Figure 4. data distribution with histogram and boxplot

To support the implementation of deep learning
modeling, this research utilized hardware with an Intel
Core i5 8250U processor, 12 GB of RAM, and the
TensorFlow framework version 2.4.0. The model
developed in this study was programmed in Python
using four scenarios. For example, Figure 5 illustrates
the architecture of the bidirectional RNN. The model
begins with the first Bidirectional RNN layer
containing 32 units using activation, one of which is
tanh and return sequences set to True to enable
stacked layers. The Dropout layer comes after this
stage with a rate of 20% to reduce the risk of
overfitting. This structure is repeated for the second
and third layers, each consisting of a Bidirectional
RNN with 32 units. The final layer is a Dense layer
serving as the output, with one unit to produce the
prediction. The model is then compiled using the
Adam optimization algorithm.

model. add(Bidirectional(SimpleRNN(32, activation='tanh', return sequences=True), input_shape=(window, 1)))

model. add{Dropout(2.2))
model. add(Bidirectional(SimpleRNN(32, activation='tanh’, return_sequences=True)))
model. add{Dropout(8.2))

model. add(Bidirectional(SimpleRNN(32, a
model. add{Dropout(8.2))

model. add(Dense(1))

odel

ctivation="tanh')}))

pile(optimizer='adan’, loss='mean_squared error')

1)
, validation_split=6.2)

history = model.fit(trainX, train¥, ep

Figure 5. code algoritma bidiirectional RNN dengan python

In this research, each experiment was formulated to
optimize the parameters in training bidirectional RNN.
The window size indicates how much prior data are
utilized to forecast the next value. The hidden layer
indicates how many bidirectional RNNs are utilized in
the model. Epoch indicates how many full cycles are
conducted forward and backward through the full
training data. The number of units in bidirectional
RNN refers to the quantity of neurons per RNN layer.
Dropout is implemented to prevent overfitting. The
lastly utilized optimizers in this research include
Adam, Root Mean Square Propagation (RMSprop)
optimization, and Stochastic Gradient Descent (SGD)
optimization. This research utilized four different
hyperparameter tuning scenarios to assess the
bidirectional RNN model’s performance. Each
scenario differed in terms of window size, hidden layer
count, neuron quantity, dropout rate, optimizer, and
the number of training epochs. Table 2 presents the
four scenarios used in this study. Scenario 1 used a
window size of 3 with 3 hidden layers and 32 neurons
per layer. The dropout rate was set at 0.2 to prevent
overfitting, training was conducted for 100 epochs,
and Adam was used as the optimizer. Scenario 2
increased complexity with a window size of 5, 4
hidden layers, and 64 neurons per layer. The dropout
rate was 0.3, training lasted for 300 epochs, and the
optimizer remained Adam. Scenario 3 featured an even
more complex configuration: window size of 7, 5
hidden layers, and 100 neurons per layer. Dropout was
kept at 0.3, the optimizer switched to RMSprop, and
training was extended to 600 epochs. Finally, Scenario
4 applied the most complex parameters: window size
of 10, 6 hidden layers, and 128 neurons per layer. The
dropout rate was lowered to 0.2, but training ran for
1000 epochs. The optimizer used was SGD with an
adjusted learning rate. Table 2 shows the
hyperparameter tuning details for each scenario. The
evaluation dataset consisted of 827 data points,
spanning from February 8, 2023, to May 14, 2025.
Model evaluation focused on metrics including MSE,
RMSE, MAE, MAPE, R?, and D-Stat. Table 3 presents
the testing results of the bidirectional RNN model’s
performance across the four scenarios. The evaluation
metrics applied in this study include Root Mean
Square Error (RMSE), Mean Square Error (MSE),
Mean Absolute Percentage Error (MAPE), Coefficient
of Determination (R?), Directional Statistic (D-Stat),
and Loss.
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Table 2. Hyperparameter tuning of bidirectional RNN models

Scen Wind Numbe Numb Dropou Optim Epochs
ario ow rof er of t izer
Size Layers Units

1 3 3 32 0.2 Adam 100

2 5 4 64 0.3 Adam 300

3 7 5 100 0.3 RMS 600
prop

4 10 6 128 0.2 SGD 1000
(Ir=10
00)

In Scenario 1, the model achieved its best

performance, with an RMSE of 0.0216, MSE of
0.0005, and an MAPE of 2.59%. The R2? value
obtained was 0.9899, which shows that the model
takes into account almost 99% of the variance in the
actual data. The D-Stat value was fairly high at
53.71%, meaning more than half of the price
movements were correctly predicted. The training loss
was low, at 0.0012. Scenario 2 still demonstrated good
results, although there was a slight decline across all
metrics compared to Scenario 1. The RMSE increased
to 0.0238, MAPE rose to 2.93%, and R? slightly
decreased to 0.9878. The D-Stat dropped to 49.45%,
with a loss value of 0.0013.

Next, Scenario 3 also encompassed a higher
complexity compared to the initial scenarios, but the
performance was much poorer. Though the level of
complexity in Scenario 4 was even higher, the model
performance rose to a slight level. It would therefore
show that the introduction of complexity to the model
does not normally result in higher precision and the
interaction of the hyperparameters such as the
optimizer type used can largely define the outcome of
the model. RMSE jumped to 0.0643, MAPE increased
to 10.19%, and R? sharply declined to 0.9108.
Although the D-Stat remained around 49%, these
results indicate that excessive complexity reduced
prediction accuracy. The loss also increased to 0.0034.
Finally, Scenario 4 showed improvement again
compared to Scenario 3. The RMSE decreased to
0.0432, MAPE improved to 7.20%, and R? rose to
0.9597. The D-Stat slightly increased to 50.25%, and
the loss dropped to 0.0015.

Table 3. Results of testing four model scenarios

Scenario RMSE MSE MAPE R? D- Loss
Stat

1 0.0216 0.0005 2.59% 0.989  53.7 0.00
9 1% 12

2 0.0238 0.0006 2.93% 0987 494  0.00
8 5% 13

3 0.0643 0.0041 10.19% 0910 49.8 0.00
8 2% 34

4 0.0432 0.0019 7.20% 0.959 502 0.00
7 5% 15

Based on the results presented in Table 3 and Figure
4, as well as considering the values of MSE, RMSE,

MAPE, and R? which do not show significant
differences, it can be concluded that the models
developed in Scenario 1 and Scenario 2 represent
better alternatives compared to the other scenarios.
Both scenarios are capable of accurately capturing the
patterns of cryptocurrency value changes, producing
predictions that closely resemble the actual price
movements both visually and numerically.
Consequently, these two models demonstrate strong
potential for application in future cryptocurrency

analysis and forecasting.
Training Loss Over Epochs Scenario 1

Training Loss
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Figure 3. Loss value in the training process
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Figure 4. Prediction results for Scenarios 1, 2, 3, and 4 (top to
bottom)

Based on the data presented in Table 4, it can be
observed that the price predictions generated by the
model in Scenario 1 exhibit a high level of closeness
to the actual cryptocurrency prices in the test data. For
instance, in the first observation, the actual crypto
price is 0.859509, while the model’s predicted value
closely approximates this at 0.85282. This consistency
continues in subsequent rows, such as the second and
third, where the model predicts prices of 0.848819 and
0.853318 for actual values of 0.861623 and 0.852285,
respectively. Although there are differences between

the actual and predicted values, these discrepancies
remain minor and fall within acceptable limits for time
series analysis of volatile crypto data. At row 823, the
model predicts a crypto price of 0.747050, which is
very close to the actual value of 0.74384. These results
indicate that the model developed under Scenario 1
possesses superior capability in recognizing historical
price patterns and holds strong potential for future
research applications. Therefore, the Scenario 1 model
is considered more effective in producing
cryptocurrency price estimates that closely resemble
actual market values compared to the other scenarios.

Table 4. Best Prediction Result (Scenario 1)

No. Price crypto test Price crypto Prediction
1. 0.859509 0.85282
2. 0.861623 0.848819
3. 0.852285 0.853318
4. 0.864155 0.845789
5. 0.958584 0.85328

819 0.746688 0.74067

820 0.762207 0.741967

821 0.762207 0.75339

822 0.747162 0.751501

823 0.74384 0.747050

The results from Scenarios 1 and 2 were better than
those from the more complex Scenarios 3 and 4. This
improved performance likely comes from their simpler
model design, which created a more stable training
environment and helped prevent overfitting. A simpler
model fared better in detecting the underlying patterns
because Namecoin is subject to mild volatility and not
abrupt peaks. On the other hand, Scenarios 3 and 4's
complex models often detected noise rather than
significant signals. Most of the time, the condition
arises when the complexity of the model exceeds the
dataset requirements, particularly in the case of the
time-series type of data like cryptocurrency rates.
While this study focuses on Namecoin, its findings
apply to other cryptocurrencies with similar traits.
Simpler models are expected to perform well for
cryptocurrencies that have plenty of historical data,
stable volatility, and steady trading volume. To back
up this potential, future research should include other
cryptocurrencies like Ethereum, Litecoin, and Ripple,
using similar model designs.

4. Conclusion

This study aims to examine the effectiveness of the
BiRNN model in analyzing cryptocurrency price
movements, specifically Namecoin. For measuring the
model's accuracy, hyperparameter optimization was
performed through four experimental configurations,
utilizing evaluation metrics including regression
evaluation metrics RMSE, MSE metrics, Mean
Absolute Percentage Error (MAPE) and also R-
squared (R?), Directional Statistic (D-Stat), and Loss.
The evaluation results from the four scenarios indicate
that Scenario 1 achieved the best results in forecasting

Copyright © 2025 | Candra et al. | Licensee Universitas Islam Indonesia

89



Jurnal Sains, Nalar, dan Aplikasi Teknologi Informasi Vol. 4 No. 2 (2025)

Namecoin prices using the model. Scenario 1 attained
an RMSE value of 0.0216, an MSE of 0.0005, and a
MAPE of only 2.59%, indicating a very low prediction
error rate. Furthermore, the R-squared value was
0.9899, and the Directional Statistic reached 53.71%.
Lastly, the Loss value of 0.0012 was the lowest
compared to other scenarios.

For future research development, it is recommended to
explore alternative models such as Deep RNN or
CNN-BiLSTM combinations to compare prediction
performance. The inclusion of external variables, such
as transaction volume and market sentiment, is also
necessary. Additionally, the use of more systematic
hyperparameter optimization methods and evaluation
of validation loss should be considered to prevent
overfitting. Testing the model on other cryptocurrency
assets and integrating the model into practical
applications are also important to enhance the
applicability of the research.
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