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Available online: 12 December 2024  sensibly in the ever-changing financial markets. With its frequent

fluctuations, interdependence, and the influence of world economic

events, the forex market presents certain inherent difficulties that are

the subject of this study. Given these difficulties, the study focuses on

Artificial Neural Network, K-Nearest  developing and application of reliable forecasting models and

Neighbor, Forex Exchange approaches. The methodology involves the construction and
comparison of Artificial Neural Network (ANN) and K-Nearest
Neighbor (KNN) models, with the objective of selecting the most
accurate model for subsequent multi-step ahead predictions. Results
indicate that KNN models outperform ANN models and are chosen for
making 30-day ahead predictions. For short term forecasting, KNN's
forecasts are valid, but there are issues when looking farther than a
week ahead. The study's conclusion highlights how challenging long-
term forecasting in the forex market is by its own nature of chaotic and
noisy. The results highlight how crucial it is to keep up research and
innovate in order to improve forecasting models in this complex
financial environment.
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1. Introduction

Foreign exchange, or forex, is the term used to describe the activity of exchanging currencies, which is the buying
and selling of various currencies to profit from changes in their relative prices [1]. It is a crucial component of
international trade, investment, and tourism. Currency fluctuations can be attributed to a variety of factors,
including market expectations, macroeconomic conditions, and technological advancements that enable traders
to obtain information quickly. Majors, or the most frequently traded currencies, cross-rates, or exchange rates not
based on the US dollar, and exotics, or minor currencies, make up the forex market. Because it is the world's
reserve currency and is impacted by political decisions, economic data, and the US's influence on the world
economy, the USD is heavily weighted in the forex market [2]. The Singapore Dollar (SGD) and Malaysian Ringgit
(MYR) are also important currencies in the foreign exchange market. The SGD is known for its strength and
stability, while the MYR is impacted by Malaysia's political stability, economic performance, and central bank
policies [3], [4].

Forecasting exchange rates for the USD, SGD, and MYR are essential for managing investment portfolios and
maximizing profits. However, because traditional time series models are not suitable for the non-linear chaotic
and volatile nature of the forex market, more advanced forecasting models like machine learning approaches are
more suitable [5], [6], [7], [8]- Among all machine learning algorithms, the K-nearest neighbor (KNN) algorithm
stands out as one of the most widely used machine learning models in forex forecasting. KNN algorithm is a non-
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parametric supervised learning model, learns iteratively from a training dataset, allowing it to make predictions
based on acquired knowledge [9]. Researches indicate that KNN models exhibit superior prediction accuracy in
forex compared to traditional time series models [10], [11]. However, a limitation of the KNN algorithm lies in
choosing the appropriate k-value. A large k-value may introduce more bias and overly smoothed forecasts, while
a small k-value could lead to overfitting and increased susceptibility to noise [12].

Other than KNN algorithm, the researchers at the time preferred Artificial Neural Network (ANN) algorithm
as its neural-network based approach is capable in learning from big data, autonomously extracting features,
adapting to changing settings, and address issues across numerous industries with high accuracy and robustness
[13], [14], [15]. ANN is a machine learning algorithm inspired by the anatomy and functioning of the human brain,
comprising multiple layers of interconnected nodes or neurons that process and transmit data through a network
of weighted connections. ANN are applied in various of field, especially in financial market, as many researches
showed that ANN is possible to predict chances in stock price with high volatility as it can process the data and
identify patterns that may be difficult for humans to detect [16], [17], [18].

This study aims to construct forecasting models based on the exchange rate of USD/MYR and SGD/MYR using
ANN and KNN algorithms, compare the performance of ANN and KNN models using mean absolute error (MAE),
mean squared error (MSE), root mean square error (RMSE) and coefficient of determination (R?) and finally
forecast the exchange rate using the best model.

2. Methodology

2.1Data Description

The forex dataset in this study was access from the Investing.com. There are 2 datasets used and both of them
were retrieved from https://www.investing.com/currencies/sgd-myr-historical-data and
https://www.investing.com/currencies/usd-myr-historical-data via Investing.com. The USD/MYR dataset
consists of 4552 daily price data while the SGD/MYR dataset consists of 4584 daily price data. The period of the
datasets was started from January 2006 to August 2023.

From Fig. 1, the USD/MYR prices declined from the beginning of 2006 until September 2008. Subsequently,
they experienced an upward trend until December 2008, followed by another decline until September 2011. The
lowest recorded price occurred on August 1, 2011. Prices continued to fluctuate between September 2011 and
October 2014, followed by a sharp upward trend until October 2015. Afterward, prices fluctuated between 3.8
and 4.5, reaching a peak at 4.746 on November 4, 2022, before decreasing.

Based on Fig. 2, itis evident that SGD/MYR prices exhibited a steady increase from January 2006 to November
2006, followed by a decreasing trend until September 2007, with the lowest recorded price of 2.210 on May 22,
2007. Then, the prices began to rise steadily, followed by a sharp fall in March 2010. Afterward, the prices
increased gradually with some fluctuations until June 2015, when they suddenly spiked and surpassed the 3.0
exchange rate in August 2015. After that, the prices fluctuated with both rises and falls until September 2022. In
October 2022, prices started to rise again, reaching a peak on July 12, 2023.

Time Series Plot of USD/MYR
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Fig. 1 Time Series Plot of USD/MYR from 1st January 2006 until 315t July 2023
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Time Series Plot of SGD/MYR
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Fig. 2 Time Series Plot of SGD/MYR from 1st January 2006 until 31stJuly 2023

2.2Data Transformation

Min-max transformation was applied to reduce the range of the data. In this technique, the data values were
subtracted with the minimum value and divided by the range. The transformation process can be written as
equation (1), where X; is the new x value, x; is the actual value, x,,;, is the minimum value in the data, x,,,,, is the
maximum value in the dataand I=1,2,3, .., n [19].

X =—-""" (1)

2.3K-Nearest Neighbor (KNN)

KNN is a frequently used method in forecasting study, especially in predicting financial products. The regression
model of KNN is differ from the classification model of KNN, as it maps patterns to continuous labels, to make
prediction through computed the mean of function values [12]. The formula of the functional regression model of
KNN is as equation (2), where Q; is the forecast value, wy, is the weight of the observed value, x;, is the observed
value and k is the number of nearest neighbors [20].

Q=" (wxx) )

2.4 Artificial Neural Network (ANN)

In 1943, McCulloch & Pitts introduced ANN and it duplicates the process of conveying and processing data through
learning, simulating how a human brain neuron function. Fig. 3 shows how neural networks mimic the
organization of human brain neurons, where dendrites receive information and transmit it to the nucleus through
axons [21]. Axon terminals will get the information after the nucleus has processed it.

Dendrites x; \
w,
= [—"
. =
MOTOR NEURON *
{." Cell Body %
dendrites X; Inputs
synaptic efficacy w; weights
excitation level u noise (bias, threshold)
fx) activation function
signal y AN'’s output
a) Biological neuron b) Artificial neuron

Fig. 3 Comparison between biological neuron and artificial neuron
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The ANN model used in this study is feedforward Multi-Layer Perceptron (MLP) network and trained via back
propagation. The reason to choose back propagation as training algorithms is research shows that if given
sufficient free parameters, a typical back propagation ANN got the ability of approximate any function and Fig. 4
illustrates how the MLP model works.

Input layer Hidden layer Output layer

Fig. 4 Architecture of MLP model

The input to the hidden neurons in hidden layer can be written as equation (3) and input to the output neurons
can be written as equation (4), where (Hnpys)n is the ith input to the nth hidden neuron, I; is the value at the ith
input neuron, W, is the connection weight from the ith input neuron to the nth hidden neuron, 8,, is the threshold
of nth hidden neuron, p is the number of input neurons, q is the number of hidden neurons, (0 ppyt)m is the input
of (H yupue )n to the mth hidden neuron, (H gypue)n is the nth hidden neuron output, W, is the interconnection
weight between the nth hidden neuron and mth output neurons, 0,, is the threshold of mth output neuron, r is
the number of output neurons,n=1,2,3,..,qandm=1,2,3, .., r [23].

(Hinpuf) ”=Zf=|]ix Win_ gn [3)

( Oinput) m = Z Z= 1( H(mtput) " X an_ gm (4)

The equation of the outputs in hidden and output layer is as equation (5) and equation (6) respectively, where
Hj is the output of jth hidden layer, f() is the transfer function, x; is the ith input vector, y,, is the output value of

mth nodes in the outputlayerand j=1, 2, 3, .., m [24].
. ni
ym=f [Ej;[anHj-'- 6)mjl (5)

H=f [Zilwmxﬁ en] 6)

The activation functions, f(x) is made to accommodate the non-linearity relationship between input and
output. One of the widely used activation function is the sigmoid transfer function in equation (7).

1
S(x) =sig(x) =——— (7)
I1+e "
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2.5Model Parameter Settings

The training parameter of the ANN models are set to have 1 input layer, 1 hidden layer and 1 output layer. The
activation functions set for input and hidden layer is sigmoid transfer function while the output layer is activated
by linear transfer function. There were 64 neurons each in the input and hidden layer but only 1 neuron in the
output layer. The models are trained in a batch size of 16, 10000 epochs and learning of 0.01 unit. All the ANN
models were set in the same settings for both USD/MYR and SGD/MYR forecast. In the other side, the number of
nearest neighbors of KNN models are set as 225 while training with both datasets. 70% of the datasets were used
to construct the forecasting models, while the remaining 30% of the data were served as the testing data for the
model evaluation.

2.6 Forecast Accuracy Measurement

The parameters used to evaluate the performance of the models are mean absolute error (MAE) in equation (8),
mean squared error (MSE) in equation (9), root mean square error (RMSE) in equation (10) and coefficient of
determination (R?) in equation (11), where vy, is the actual value at time t, y,_, is the observed value at time t —
1, ¥, is the predicted value at time ¢t and n is the number of observations [25]. MAE measures how close the actual
value and predicted value are, while MSE measures mean squared differences of the actual value and predicted
value. RMSE is the standard deviation of the predicted errors and R?* measures how well the independent variable
explains the variation in the dependent variable. Lower values from MAE. MSE and RMSE indicate fewer errors
produced while higher value from R? suggests that the predictions data fit well in the actual data. Thus, the
forecasting model with lowest values in the error measurements and highest value of R? will be considered as
the best accuracy model.

Z JZ:- Y= yz“
MAE = ” (8)
MSE=%Z?=1(yI—?I) 2 (9)

RMSE = lq\/Z’f (v,-5)° (10)

e )
R2= P (11)

2.7 Multi-steps Ahead Forecast

Various type of multi-steps ahead forecasting methods is found in forecasting. In this study, the Direct strategy
was used to make multi-steps ahead forecast as this strategy is immune to the accumulation of errors because no
approximated values were used to compute the forecasts [25]. The equation for the multi-steps ahead forecasting
is as equation (12), where y,,, is the multi-steps ahead forecast at time t + I, x, is the forecast value at time ¢, t is
the number of timesteps, and w is the errors term, included noise, modeling errors.

ytzf(x.l,xz,xy...,xt)+w (12)

3. Results and Discussion

3.1USD/MYR Dataset

In Fig. 5, the actual versus predicted values are illustrated for the ANN and KNN models on the testing data of
USD/MYR dataset. it is evident that the ANN model's predictions align closely with the actual values before
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reaching 1000th day. However, beyond that point, the forecasted values begin to deviate significantly from the
actual data. In comparison, the KNN model appears to exhibit superior predictive accuracy. As seen in Fig. 5, the
predictions generated by the KNN model closely match the actual values.

When considering the measures of errors in Table 1, it is evident that the KNN model outperforms the ANN
model, boasting the lowest values for MAE, MSE, and RMSE. This implies that the KNN model exhibited superior
accuracy, with fewer errors in its predictions compared to the ANN model. Furthermore, the KNN model
showcases a higher R? value when contrasted with the ANN model. This indicates a stronger alignment between
the KNN model's predictions and the actual values. As a result, the KNN model achieved a higher level of prediction
accuracy in the USD/MYR dataset when compared to the ANN model.

Table 1 : Measures of errors for USD/MYR dataset forecasting

MAE MSE RMSE R?
ANN 0.05191327 0.00557077 0.07463759 0.92444207
KNN 0.01591597 0.00043851 0.02094074 0.99381205

USD/MYR forecasting using ANN and KNN

1.0 — Actual
—— Predictions from ANN
Predictions from KNN

0.0

0 1000 2000 3000 4000
Days

Fig. 5 Actual versus prediction of USD/MYR forecasting using ANN and KNN

3.2SGD/MYR Dataset

When examining the SGD/MYR prediction in Fig. 6, it becomes apparent that the ANN model effectively captures
the overall trend of the data. However, it struggles to predict the data's fluctuations accurately. In contrast, the
KNN model once again demonstrates strong predictive capabilities, as evidenced in Fig. 6.

The assessment of error metrics presented in Table 2 further corroborates the KNN model's superior
performance. The model exhibits the lowest values for MAE, MSE, and RMSE, as well as the highest R? value.
Consequently, the KNN model emerges as the top-performing model among the two datasets when compared to
the ANN model.

Table 2 : Measures of errors for SGD/MYR forecasting

MAE MSE RMSE R?
ANN 0.00391619 0.04306639 0.06257943 0.94623111
KNN 0.01046194 0.00021329 0.01046194 0.99705487
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SGD/MYR forecasting using ANN and KNN
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Fig. 6 Actual versus prediction of SGD/MYR forecasting using ANN and KNN

3.3 Multi-steps Ahead Forecast

Since KNN model has better performance than ANN, KNN forecast models were employed to generate forecasts
for USD/MYR and SGD/MYR, predicting 30 days ahead. Fig. 7 and Fig. 8 depict the forecasts from KNN models in
comparison to the actual values for USD/MYR and SGD/MYR predictions. Drawing insights from Fig. 7, the
predictions generated by the KNN model exhibit remarkable accuracy up to the fourth day. However, beyond this
point, the KNN model's predictions appear to deviate from the actual values. Despite this, the model still manages
to capture the trend of USD/MYR prices until the twelfth day. Subsequently, the predictions start to significantly
diverge from the actual prices. The KNN model forecasts a decreasing trend after the twelfth day, whereas the
actual prices exhibit an upward trajectory with some fluctuations.

Based on Fig. 8, up until the fifth day, the KNN model perfectly predicts SGD/MYR prices. After this, the model
predicts a declining trend, which is at odds with the actual prices, which show fluctuations and an upward trend.

By analyzing the outcomes, the predictions crafted by the KNN models prove promising for short-term
forecasting but fall short in validity for long-term forecasting. The accuracy of KNN model predictions remains
robust for approximately 4 to 5 days. Beyond this initial period, the model retains its ability to forecast the trend
of forex data for around twelve days, after which the predictions become increasingly unreliable.

Validation of USD/MYR Forecasting using KNN
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Fig. 7 Validation of USD/MYR Forecasting using KNN

Validation of SGD/MYR Forecasting using KNN
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Fig. 8 Validation of SGD/MYR Forecasting Using KNN
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4. Conclusion

This study successfully constructed forecasting models based on ANN and KNN algorithms by utilizing 70% of
USD/MYR and SGD/MYR data as training data to train the ANN and KNN models. The training parameters for the
ANN models were set with 1 input and 1 hidden layer, each containing 64 neurons, and 1 output layer with 1
neuron. The ANN models were trained with a batch size of 16 over 10,000 epochs with a learning rate of 0.01 unit.
Meanwhile, the KNN models were configured with 225 nearest neighbors. All ANN and KNN models were set with
identical configurations to ensure fair and consistent results.

Besides, this study managed to choose the best accuracy model by the comparison of compare the
performances of ANN and KNN models. Performance measurements in this study included mean absolute error
(MAE), mean squared error (MSE), root mean squared error (RMSE), and R?. The performance of KNN models in
USD/MYR and SGD/MYR datasets was proven to be superior compared to the ANN models. KNN models exhibited
the lowest values for MAE, MSE, and RMSE, and the highest values for R?. Based on the time series plots in Fig. 5
and Fig. 6, the performance of KNN models closely aligns with the actual testing data. Therefore, the KNN model
is concluded as the superior model compared to the ANN model.

Lastly, the KNN models were employed to make a 30-day ahead forecast for USD/MYR and SGD/MYR. The
predictions from KNN models proved to be overwhelming for short term prediction, but inaccurate for long term
prediction as the results did not align with the actual data. Additionally, the results demonstrate that long-term
forecasting is challenging for forex data due to its chaotic nature and the presence of noise.

In conclusion, using different machine learning-based methods, like Radial Basis Function Networks (RBFNs),
Convolutional Neural Networks (CNNs), and Long Short-Term Memory Networks (LSTMs), can improve the
accuracy of forex price forecasting. It is advised to conduct more research on the best network architectures for
increased accuracy. To account for all influencing factors, a hybrid model that integrates quantitative and
qualitative forecasting methods is advised. This comprehensive model reduces the possibility of unfavorable
events, which eventually results in more precise forex price forecasts.
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