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Abstract Keywords
There are a wide variety of investment instruments in the time we live in. Among these Currency forecast,
instruments, gold is the oldest investment instrument. The Dollar index is an index that Decision tree,
shows the strength of the dollar against a major basket of the most popular currencies. Lasso,

The Nasdaqg 100 Index is an index of the world's largest non-financial companies listed Random forest,
on the Nasdaq stock exchange. Bitcoin was the first cryptocurrency to emerge in 2009 XGBoost

and has been a popular investment vehicle in recent years. In this study, both the default
and hyperparameter-optimized versions of five machine learning techniques — Linear
Regression, Lasso, Decision Tree, Random Forest, and XGBoost — were employed to
forecast the values of Gold, Bitcoin, the U.S. Dollar Index, and the Nasdaq 100 Index
over two-, five-, and ten-year periods spanning 2015-2025. One currency is selected as Received :16 May 2025

the dependent variable, and three currencies are selected as independent variables. The Accepted -’08 December 2025
dependent variable (currency) is estimated using the independent variables. The Online date : 25 February 2026
predictive capabilities of the models were evaluated using the RMSE, MSE, MAE, and

R? performance metrics. According to the results, the Opt_Lasso model achieved the

best forecasting performance among all models. A review of the existing literature

reveals that most prior studies have primarily focused on predicting just a single

dependent variable using various independent variables. In contrast, the present study

distinguishes itself by performing simultaneous forecasts for four different currencies

within a single application framework, thereby extending beyond previous research and

offering a novel contribution to the field of multivariate prediction modeling.

Time Scale of Article

1. INTRODUCTION

Before the invention of money, objects were exchanged. After money was invented, it began to be used
as a substitute for the objects used in barter. In this way, trade became easier and faster, contributing to
the development of commerce. Today, when it comes to money, not just a single type comes to mind.
Gold, silver, dollars, euros, stocks, and Bitcoin, as well as other cryptocurrencies, that have recently
become popular, are all used as forms of money.

Gold is the oldest and most valuable metal currency. It is also a widely used metal because it can be
made into jewelry. In a study conducted by the Capital Markets Association of Turkey in 2011, gold
was "the most preferred investment instrument” [1].

The dollar is the official currency of the United States of America and is the most widely used currency
worldwide. The Dollar Index is an index measures the strength of the dollar against a major basket of
the most popular currencies. It was developed in 1973 by the U.S. Federal Reserve to calculate a trade-
weighted average value of the dollar against global currencies.
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Stock exchanges, on the other hand, are organized markets where all types of securities, shares, bonds, or
commodities are traded by registering them on the stock exchange and operate under the supervision of the
relevant state regulatory and audit institutions. The Nasdaqg 100 Index is an index of the world's largest non-
financial companies on the Nasdaq exchange in the U.S., predominantly consisting of technology
companies.

Cryptocurrencies are not physical like gold or the dollar. They are also not subject to centralized control
like stock exchanges. Due to these features, cryptocurrencies have introduced a novel perspective to
financial markets and have gained significant popularity in recent years. In a 2021 study, Turkey ranked
first in Europe and fourth in the world in cryptocurrency usage [2]. According to a worldwide study
conducted in October 2022 by the Global Web Index (GWI) in London, Turkey has the highest number
of people investing in cryptocurrencies among internet users aged 16-64 [3]. Bitcoin, the first
cryptocurrency, emerged in 2009 and remains the most valuable of all cryptocurrencies.

Human beings have always wanted to make use of the money they have. They make these decisions
using different currencies. The widespread use of computer technology today can help answer the
question of how to invest money. Machine learning is the process of creating insights and making
predictions from data using various mathematical operations with the help of computers.

In this study, a dataset was created using the values of the Dollar Index, Nasdaq 100 Index, gold and
Bitcoin prices taken from investing.com between 2015 and 2025 to assist investors and make future
forecasts. Using this dataset, both the default and hyperparameter-optimized versions of five machine
learning methods — Linear Regression, Lasso, Decision Tree, Random Forest, and XGBoost — were
applied for predictive modeling. In this way, it is possible to predict the prices of these three currencies
for the coming years by utilizing their past prices.

Parisi et al. used artificial neural networks to determine the direction of change in gold prices. The
dataset consisted of gold prices and the Dow Jones Industrial Average. Using this dataset, they compared
artificial neural networks with ARIMA (Autoregressive Integrated Moving Average), a classic time
series forecasting method. The findings indicated that ANNs outperformed ARIMA models, achieving
a higher accuracy rate of 60% [4].

Aygoren et al. forecasted the IMKB 100 index using the independent variables of gold price, interest
rate, volume of bilateral transactions between banks, and the dollar exchange rate between 1995 and
2010. ARIMA, Newton and artificial neural networks were used as methods. It was found that
forecasting with artificial neural networks was more successful than the others [5].

Sureshkumar and Elango used an artificial neural network multilayer perceptron (MLP) model to
forecast a stock on the National Stock Exchange. To make this prediction, data from Tata Consultancy
Services (TCS) between 2009 and 2011 were used as the dataset. The MLP model achieved a 93%
prediction accuracy [6].

Kocatepe used data from thirteen variables (Turkish inflation, U.S. inflation, BIST100 index, crude oil
price, Dollar Index, Turkish lira/dollar exchange rate, Standard & Poor's 500 index, Turkish interest and
bond rates, U.S. interest and bond rates, silver and copper prices) between 2007 and 2015 to forecast
gram gold prices in Turkey. He used artificial neural networks for forecasting and obtained an accuracy
rate of 75.24% [7].

Yalg¢in analyzed the relationship between the BIST-30 index, dollar, euro, and gold prices in 2010-2014.
He used multiple linear regression and logistic regression methods. In the study, where the dependent
variable was the BIST30 index, multiple linear regression achieved an accuracy score of 50%, while
logistic regression achieved an accuracy score of 80% [8].
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Karakoyun forecasted Apple stock and Bitcoin prices in the U.S. Nasdaq stock market using ARIMA
and Long Short-Term Memory (LSTM) methods. The study was conducted separately for the stock and
Bitcoin. Data for the stock between 1984 and 2018 and the data of Bitcoin between 2013 and 2017 were
used. The results showed that the LSTM method outperformed other approaches in both markets,
achieving an accuracy rate of 94.22% for Apple and 98.6% for Bitcoin [9].

Ondes and Oguzlar conducted a forecasting study using the Levenberg-Marquardt algorithm of artificial
neural networks, based on data of gold, oil, and silver prices, USD/EURO parity, Euronext100 and the
Dow Jones Industrial index between 2005 and 2017. As a result of the study, they achieved an accuracy
rate of 81.43% [10].

Ustali predicted 22 stocks traded in BIST-30 using artificial neural networks, random forest, and XGBoost
algorithms. They created the dataset with values from 2010 to 2019. XGBoost achieved a more successful
result than artificial neural networks and the random forest algorithm, with a 75% accuracy rate [11].

Simgek conducted a comparative analysis of SVR, KNN, Random Forest, XGBoost, and Stacked
Generalization models using BIST100 index values from January 4, 2010, to November 29, 2023. According
to error metrics and accuracy rates, the Stacked Generalization method demonstrated the best performance,
yielding the lowest error values and the highest accuracy across all evaluation criteria. XGBoost produced
better results compared to Random Forest, while KNN and SVR showed relatively lower performance [12].

Hansun et al. examined Bitcoin, Ethereum, Cardano, Tether, and Binance Coin cryptocurrencies
obtained from the Binance exchange between September 2014 and October 2021. Using this data,
prediction studies were conducted with LSTM, Bi-LSTM, and GRU artificial neural network models.
The performance metrics of each model, such as accuracy and processing time, were evaluated. The Bi-
LSTM and GRU models yielded similar results in terms of accuracy. The GRU model was faster than
LSTM and showed lower variance. They concluded that the Bi-LSTM and GRU models were effective
for cryptocurrency price prediction, and that GRU's faster and more consistent performance would be
particularly advantageous for real-time applications [13].

Ata and Erbudak conducted a study on exchange rate prediction using numerical data obtained from the
Central Bank of the Republic of Turkey between January 2020 and May 2021. The dataset consisted of
1,352 exchange rate records, and four different machine learning methods were employed for prediction
purposes. These methods included decision trees, linear regression, support vector machines, and
Gaussian regression. The classification accuracy results obtained from the study were as follows:
decision trees — 99.84%, linear regression — 99.18%, support vector machines — 93.72%, and Gaussian
regression — 86.83%. These results indicate that the decision tree method outperformed the others in
terms of prediction accuracy [14].

Ullah et al. conducted a study to forecast the future value of the Chinese Yuan (CNY) against the U.S.
Dollar (USD). The study utilized a three-year dataset covering the period from April 25, 2020, to May 26,
2023. Two models, Long Short-Term Memory (LSTM) and Extreme Gradient Boosting (XGBoost), were
employed for the prediction task. According to the results, the LSTM model outperformed the XGBoost
model in terms of performance metrics such as RMSE, MAE, MSE, and MAPE. These findings suggest
that the LSTM model is more suitable than XGBoost for modeling financial time series data [15].

Meng et al. utilized transformer-based architectures and deep learning models to improve the prediction
accuracy of the RMB/USD exchange rate. The dataset was obtained from the WIND Financial Terminal.
During the model training process, z-score normalization was applied. For forecasting, models such as
TSMixer, FEDformer, LSTM, PatchTST, TimesNet, Transformer, MLP, TCN, and iTransformer were
used. The results showed that transformer-based models achieved lower MAE and MSE values compared
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to traditional deep learning models such as MLP, TCN, and LSTM. This indicates that transformer-
based models perform better than conventional deep learning approaches in this context [16].

Panda et al. developed a model (CNN-RF) that combines the Random Forest (RF) approach with
Convolutional Neural Networks (CNN) for exchange rate prediction. The CNN-RF model integrates the
strengths of both methods to produce more consistent results. The performance of the CNN-RF model was
evaluated using a range of metrics, including R?, MAPE, CEV, MSE, RMSE, and MAE. The proposed
model was compared with Multi-Layer Perceptron (MLP), Autoregressive Integrated Moving Average
(ARIMA), and Recurrent Neural Network (RNN) models. According to the study's results, the CNN-
RF model outperformed the other three models in terms of prediction accuracy for exchange rates [17].

Lakhak compared the prediction performance of the ARIMA model with recurrent neural networks
(RNN) and long short-term memory (LSTM) machine learning algorithms for predicting USD/EUR
exchange rate data. The models were evaluated and compared based on the shape of the curves, Mean
Absolute Error (MAE), and Mean Squared Error (MSE). According to the results of the study, the LSTM
model outperformed both the ARIMA and RNN models in terms of performance, especially when
considering the minimum MSE [18].

Olsen et al. compared the ability of the LSTM model to forecast EUR/USD implied volatility with that
of Random Forest (RF), AR-GARCH, HAR, and MIDAS models. The predictive performance of the
models was evaluated using metrics such as Mean Squared Error (MSE), Root Mean Squared Error
(RMSE), Mean Absolute Error (MAE), and Mean Absolute Percentage Error (MAPE). According to
the study's findings, the AR-GARCH model outperformed the LSTM model for long-term forecasts,
while the LSTM model delivered better performance than the other models for short-term forecasts.
Among all the models, the Random Forest produced the least accurate predictions [19].

Tang and Xie proposed an innovative intelligent forecasting framework that combines optimal signal
decomposition with multiple deep learning models. In their study, the Grey Wolf Optimization (GWO)
algorithm was used to optimize noise parameters during the decomposition process, while Bi-LSTM, GRU,
and FNN were employed to model the decomposed sub-series. The Zebra Optimization Algorithm (ZOA)
was applied to generate the final forecasts. The dataset consisted of daily closing prices of EUR/USD,
GBP/USD, and USD/JPY currency pairs from January 2013 to September 25, 2024. The proposed method
was compared against ten alternative approaches, including traditional single predictors and advanced
models combined with data decomposition. According to the comparison results, the proposed
framework outperforms existing methods in terms of both forecasting accuracy and robustness [20].

Rahat et al. conducted a study using USD/BDT exchange rate data from 2018 to 2023, obtained from
Yahoo Finance, applying Long Short-Term Memory (LSTM) and Gradient Boosting Classifier (GBC)
methods. The performance of LSTM, GBC, and ARIMA was evaluated using several metrics, including
directional accuracy, MAE, and RMSE. The LSTM model outperformed both GBC and ARIMA,
achieving an RMSE of 0.986, MAE of 0.752, and a directional accuracy of 99.449%. GBC also achieved
better values than ARIMA (1.342 RMSE, 1.015 MAE, and 52.30% directional accuracy), with an RMSE
of 1.128, MAE of 0.894, and directional accuracy of 40.82% [21].

Liu et al. conducted a study to forecast daily Bitcoin closing prices based on Bitcoin price data from
2013 to 2018. To achieve this, they employed Linear Regression methods (OLS and LASSO), Long
Short-Term Memory (LSTM), and Decision Tree algorithms. The collected dataset included
approximately 3,000 trading days. The Linear Regression (LR) model was used to capture the temporal
linearity in the Bitcoin time series, while LASSO was applied to prevent overfitting. Decision Trees were
utilized for financial time series forecasting, with hyperparameter tuning performed using the GridSearch
method. According to the experimental results, the LASSO model demonstrated the best performance in
terms of MAE, while the Linear Regression model achieved the highest confidence score of 0.9998 [22].
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2. MATERIALS AND METHODS
2.1. Data Set

The dataset used in this study was obtained from the Investing.com platform
(https://www.investing.com). Investing.com is a reputable financial data provider widely used by
investors and analysts internationally, offering reliable and up-to-date information. This platform
sources its data directly from relevant stock exchanges and financial market providers and makes it
available to investors and researchers. Therefore, data reliability and integrity comply with accepted
standards in the international finance literature. Due to these features, Investing.com was considered an
appropriate and reliable data source for this study.

The dataset includes data from January 1, 2015, to January 1, 2025, covering Bitcoin (USD), gold (USD
per ounce), the Dollar Index, and the Nasdag 100 Index. These four variables are assets that play a
significant role in global financial markets and can influence investor behavior.

e Bitcoin: As the leader of the cryptocurrency market, it represents digital assets.

e Gold: A traditional "safe-haven" asset to which investors tend to flock to during times of
economic uncertainty.

e Dollar Index (DXY): Reflects the strength of the US dollar relative to other major currencies,
offering insights into global economic trends.

e Nasdagq 100: A stock index comprising major technology-heavy US companies, crucial for
understanding financial market movements and risk appetite.

The selected date range is from January 1, 2015, to January 1, 2025 (a 10-year period). This period
encompasses both the early stages of Bitcoin's entry into financial markets and recent developments,
enabling long-term analysis. This period encompasses many significant developments, including
economic fluctuations, global crises (e.g., the COVID-19 pandemic), monetary easing policies, and the
growing interest in digital assets.

Since the data was obtained from a public source, Investing.com, there are no copyright or special
permission requirements. The data has been used solely for academic and analytical purposes and has
not been shared with third parties.

2.2. Machine Learning

Machine learning first appeared in 1959 in Arthur Lee Samuel's paper, “Some Studies on Machine
Learning Using the Game of Checkers”. He chose this game because good and bad moves can be
identified. In this way, it is possible to distinguish between good and bad moves [23]. Samuel's program
became a much better player after playing against different people in learning mode. The developed
program learned which moves were more successful and adapted its programming to include these
strategies. In 1965, the first book on this subject was written by Nilsson [24].

Machine learning consists of two stages. The first stage is the learning phase, during which the model
learns from the available data. The second stage is the inference phase, involves making inferences
based on the learned information.

Today, machine learning is used in many different fields. For example, in medicine, it is used to detect
diseases more easily; in real estate, to predict prices based on the characteristics of the house; and in
social media, to recommend advertisements tailored to users' needs. In the sales and retail sector,
machine learning is also used to investigate customer churn and its causes. This helps retain customers
and reduce losses. In finance, machine learning is used to predict the future by utilizing past data.
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2.3. Multiple Linear Regression

Regression plays an important role in many application areas by providing prediction, classification
rules and data analytical tools to understand the behavior of different variables [25]. The multiple linear
regression model is used to analyze the relationship between data groups with multiple variables [26].
Regression can be applied in scientific research in fields such as ecology, psychology, sociology,
economics, physics and similar areas. It can also be used to predict insurance claims, election results,
crime rates, and damages caused by natural disasters [27].

The formula for multiple linear regression is shown in Equation 1. In this formula, the values of the
independent variables are included in the summation. Each x in the equation represents a different
independent variable, and y is the dependent variable. Po is intercept of the line on the y-axis. P1 to Bi
are the regression coefficients, indicating the change in the dependent variable y for a one-unit change
in the corresponding independent variable x. e represents the error term.

Y =Po+ P1x1+ Paxz + -+ Pix; +e (1)

2.4. Lasso Regression

Lasso (Least Absolute Shrinkage and Selection Operator) regression analysis was developed by Robert
Tibshirani in 1996 [28]. In multiple regression, the independent variables are not removed from the
model even if they have no effect on the dependent variable. In Lasso regression, however, ineffective
independent variables are removed from the model. The removal process is carried out by setting the
corresponding coefficient to zero. With this feature, Lasso aims to increase the accuracy score by
performing both variable selection and regularization simultaneously [29]. The figure given below
shows the slopes of the line according to the value of A used in Lasso.
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Figure. Lasso A Values Change [19].

The Lasso estimation equation is shown in Equation 2. In Lasso regression, the L1 shown in Equation
3 is added to the linear regression equation. In this adjustment, the absolute values of the coefficients
are multiplied by A and then summed. A is the regularization parameter. As A increases, the slope of the
line becomes steeper, and the B coefficients of insignificant variables decrease toward zero. Thus, the
insignificant variables are removed from the model. This process is illustrated in Equation 4 [30].
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2.5. Decision Tree

A decision tree resembles a tree structure with components such as leaves and branches. This tree contains
both decision nodes and leaf nodes. Decision nodes are used for classification, prediction, or decision-
making processes on the dataset. Each decision node can split into two or more branches. Leaf nodes
contain the outcomes and represent the points where decision are made. The node at the top of the tree is
called the root node. To obtain the results, a path is followed from the root node to the leaf nodes [31].

Instead of using linear regression methods, decision trees make predictions based on the average value of
the samples that reach each leaf. Another type of tree used for prediction is model tree. In model trees, multiple
linear regression models are created at each leaf based on the samples reaching that node. Depending on the
number of leaf nodes, a model tree can generate many regression models. This feature can make model
trees more complex and difficult to interpret. However, it can also lead to a more accurate model [27].

There are many different algorithms developed for decision trees., and the CART (Classification and
Regression Trees) algorithm is one of them. CART is capable of working with both numerical and
categorical data and is used to solve regression and classification problems. It employs decision trees to
address these problems by splitting the dataset into subsets with two child nodes, thereby forming simple
tree structures. These binary tree structures are created using Gini, binomial, ordered binomial, and least
squares deviation criteria. The algorithm aims to divide the dataset into homogeneous subgroups [32].

In a dataset with N observations, where each observation consists of p input features and one response
variable, the goal when performing a split is to minimize the Sum of Squared Errors (SSE). This
relationship is expressed in the Equation 5 [33].

min| min Y (y,~C,) +min Y (y,~Cy)’ ©

)s L xeR.(]5) R %ieRg(].5)

Here, x; is the input feature or independent variable, and y; is the target or dependent variable that is
predicted based on the input feature Xi. R represents a subgroup of the dataset after a certain split, with
the subscript R and L indicating the "right" or "left" branches, respectively. CR and CL denote the
average responses in the right and left subgroups after the split. The summation is performed over all
observations in the respective subgroups, R (right) and L (left).

2.6. Random Forest

Random Forest is a powerful ensemble learning method developed by Leo Breiman in 2001, and it is
widely used for both classification and regression tasks. It operates by constructing multiple decision
trees during the training phase and producing an output that is either the mode of the predicted classes
(for classification) or mean of the predictions (for regression) from the individual trees.

The working principle of the algorithm is as follows:

e Bootstrap Sampling: Random subsets of the training data are created with replacement
(bootstrap samples). Each decision tree is trained on a different bootstrap sample.

e Random Feature Selection: At each split in a decision tree, a random subset of features is
considered instead of all available features. This reduces correlation among trees and increases
model diversity.

e Majority Vote / Averaging: All trained trees make independent on new data points. For
classification, the class receiving the majority of votes is selected; for regression, the average of
all tree predictions is taken as the final output.

Compared to a single decision tree, Random Forest offers the following advantages:
7
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e Improved accuracy and robustness due to the averaging of multiple trees.
e Reduced risk of overfitting.
e Strong performance with large datasets and high-dimensional feature spaces.

Additionally, Random Forest can handle raw data with minimal preprocessing and can also be used to
estimate feature importance [34][35].

2.7. XGBoost (Extreme Gradient Boosting)

XGBoost (Extreme Gradient Boosting) is a high-performance ensemble learning algorithm based on
decision trees. It is particularly known for its combination of speed, accuracy, and regularization. The
algorithm was developed and popularized in 2016 by Tiangi Chen and Carlos Guestrin. XGBoost
represents an optimized and extended version of the Gradient Boosting algorithm.

Key Features of XGBoost:

e Gradient Boosting Mechanism: The model learns by sequentially adding a new weak learners
(typically decision trees) at each step to minimize the errors made by previous learners.

e Regularization: Incorporate L1 (Lasso) and L2 (Ridge) regularization to control tree
complexity, enhancing robustness against overfitting.

e Speed and Efficiency: Supports parallel processing, handles missing values effectively, and
optimizes memory usage.

o Feature Importance: Provides the ability to identify which features have the greatest impact on
the model's predictions.

Additional Strengths of XGBoost:

e Handling Missing Values: Automatically determines the optimal direction to take when
encountering missing data during training.

o Weighted Data Support: Allows assigning different weights to individual instances, which is
particularly useful for imbalanced datasets (e.g., fraud detection).

e Early Stopping: Halts training when no improvement is observed in a validation metric for a
specified number of rounds, helping to prevent overfitting.

e Tree Pruning: Uses post-pruning rather than pre-pruning, applying constraints such as
maximum depth or maximum number of leaves to avoid overly complex trees.

XGBoost is highly popular among practitioners seeking high accuracy in data science competitions such
as Kaggle [36].

2.8. Proposed Method

This study was conducted using the Python programming language and the following libraries; pandas,
NumPy, Matplotlib, Seaborn, and scikit-learn.

In this study, the currency to be predicted is considered the dependent variable, while the other financial
assets (gold, the U.S. Dollar Index, Bitcoin, and the Nasdag 100 Index) are used as independent
variables. The developed application allows the user to select the target currency and then prompts the
user to input the latest values of the financial indicators other than the selected target. Once this data is
entered, the system automatically performs the corresponding prediction process [37].

Thanks to this structure, a user-centered and flexible prediction system has been established. It is

generally observed in the literature that studies tend to focus on only a single fixed dependent variable,

with separate models being developed for each dependent variable. In contrast, this study enables

different currencies to alternately assume the role of the dependent variable within a single application

framework; thus, a prediction infrastructure is created that can respond quickly to different scenarios
8
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without the need for retraining the model. In this respect, the study provides a significant innovation and
contribution to the literature, both in terms of the modeling approach and user interaction.

In this study, five different modeling approaches were employed for forecasting financial time series:
Linear Regression, Lasso Regression, Decision Tree, Random Forest, and Extreme Gradient Boosting
(XGBoost). The rationale for choosing these models lies in their representation of different learning
paradigms and their ability to jointly capture both linear and nonlinear relationships within time series
data. The joint assessment of these five models enabled the capture of both linear trends and complex
nonlinear dynamics within financial time series data.

In this study, the dataset was divided into three time horizons: two, five and ten years. Forecasting was
performed separately for each subset.

Data Scaling:

In machine learning models, variables often exist on different scales—for instance, one variable may
range from 0 to 1, while another may take values in the thousands. Such disparities can lead to
imbalances in coefficient estimation and the optimization process. Distance-based algorithms and
gradient-based optimization methods are particularly sensitive to these scale differences, which may
cause the model to incorrectly assign greater importance to variables with larger numerical values.

To address this issue, both the input variables (xxx) and the target variable (yyy) were standardized to
the same scale in this study, ensuring that the model treats all variables with equal sensitivity.
Additionally, scaling facilitates faster convergence and improves the numerical stability of the model.

The Z-transformation (standardization) was employed as the scaling method. This process is performed
by subtracting the mean of each variable from its individual observations and then dividing the result by
the variable’s standard deviation (Equation 6).
X — U
o

z= (6)
In this equation, x represents the original observation, L is the mean of the variable, and ¢ is its standard
deviation. Through this standardization process, each variable was rescaled to have a mean of 0 and a
standard deviation of 1, ensuring comparability among all variables.

Scaling was automatically performed using the StandardScaler() class. The mean (u) and standard
deviation (o) were first computed from the training data, and these parameters were subsequently
applied to transform the entire dataset. This standardization ensures that all variables are expressed on
the same scale, allowing the model to fairly compare variables of different magnitudes. As a result,
model parameter estimates become independent of variable scale, the optimization process is
accelerated, and the stability of the loss functions is enhanced. Standardizing the data improves both the
accuracy and generalizability of the model.

Data Preprocessing:

The datasets used in the analysis consist of Bitcoin, gold, U.S. Dollar Index, and Nasdaq data covering
the periods 2023-2025, 2020-2025, and 2015-2025. Due to inconsistencies in trading days across
different markets, weekends (Saturday and Sunday) and official holidays—during which other markets
remain closed—were removed from the Bitcoin series. This adjustment ensured that all series were
temporally aligned to include only common trading days.
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After data cleaning, the Z-score method was applied to each variable to reduce the influence of outliers.
Observations deviating by more than 3 standard deviations from the mean were excluded to maintain
the statistical integrity of the series.

To capture time series-specific characteristics, three lagged values (lags) and five-day rolling mean
variables were generated for each variable. This step allowed the models to learn from both historical
trends and short-term fluctuations.

Following the creation of these new variables, missing observations were removed, and only complete
data periods were included in the analysis. Subsequently, all variables were standardized using the
StandardScaler method to eliminate scale differences and stabilize the model training process.

As a result of these preprocessing steps, a statistically consistent, noise-reduced, and temporally
synchronized time series dataset was obtained, covering identical date ranges for all financial assets.

Training and Test Split:

In time series analysis, conventional random data splitting methods are inappropriate, as they can disrupt
temporal dependencies. In this study, a Time Series Cross-Validation approach was employed to
partition the data into training and test subsets while preserving the chronological order.

The validation process was carried out using the TimeSeriesSplit method, with the dataset divided into
five folds (n_splits=5). In each iteration, historical data served as the training set, while the subsequent
60 observations were used as the test set. This procedure allowed for an objective assessment of the
model’s predictive performance across different periods.

Model Optimization:

In this study, hyperparameter optimization was implemented to improve the overall performance of the
forecasting models and to identify their optimal configurations. The optimization process for the
Random Forest (RF), XGBoost (XGB), Decision Tree (DT), and Lasso (LASSO) models was conducted
using the Optuna library, which employs a trial-and-error—based optimization algorithm.

The performance of machine learning models is determined not only by the choice of algorithm but also
by the proper tuning of hyperparameters. Hyperparameters are configuration settings that directly affect
the model’s learning process and cannot be inferred automatically from the data.

For example:
e In the Random Forest model, the number of trees (n_estimators) and the maximum depth
(max_depth),
¢ Inthe XGBoost model, the learning rate (learning_rate) and the subsampling ratio (subsample),
¢ In the Decision Tree model, the branching depth (max_depth), and
e In the Lasso model, the regularization coefficient (alpha / A)
are hyperparameters that directly affect the model’s generalization capability.

Selecting these hyperparameters through trial-and-error or grid search methods is both time-consuming
and inefficient, particularly in high-dimensional parameter spaces. Therefore, the Optuna library, which
provides a more systematic and adaptive search strategy, was chosen for hyperparameter tuning.

The Optuna library employs a structure similar to Bayesian optimization, learning from the results of
previous trials and thereby focusing on the more promising regions of the search space in each new
iteration. This approach enables the identification of optimal hyperparameters more quickly and with
higher accuracy compared to traditional methods.
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For each model, 15 trials (n_trials = 15) were conducted, and in each trial, model performance was
evaluated using the coefficient of determination (R?). Throughout the optimization process, a 3-fold time
series cross-validation (TimeSeriesSplit) method, appropriate for the temporal structure of the data, was
employed, and the mean R? value was maximized.

For the Decision Tree, the default parameter values were set to max_depth = 5 and random_state = 42.
During optimization, the hyperparameters were varied within the following ranges: max_depth: 2-10,
min_samples_split: 2-10, and min_samples_leaf: 1-5.

For Lasso, the default parameters were set to alpha = 0.01, max_iter = 10000, and random_state = 42.
During optimization, the hyperparameter alpha (1) was varied within the range 0.0001-1.0 on a logarithmic
scale. In the Lasso model, the alpha (A) value serves as the regularization coefficient, determining the
degree of coefficient shrinkage. This parameter enhances the model’s resistance to overfitting while
reducing the influence of irrelevant variables, thereby improving its generalization capability.

For Random Forest, the default parameters were set to n_estimators = 50, max_depth = 5, and
random_state = 42. During optimization, the hyperparameters were varied within the following ranges:
n_estimators: 50-100, max_depth: 3-6, min_samples_split: 2-5, min_samples_leaf: 1-3, and
max_features: {'sqrt', 'log2'}.

For XGBoost, the default parameters were set to n_estimators = 50, max_depth =5, learning_rate = 0.1,
and random_state = 42. During optimization, the hyperparameters were varied within the following
ranges: n_estimators: 50-100, max_depth: 3-6, learning_rate: 0.05-0.2, subsample: 0.8-1.0,
colsample_bytree: 0.8-1.0, and min_child_weight: 1-3.

The performances of models trained with both default parameters and those optimized via Optuna were
compared using the R?2, RMSE, MAE, and MSE metrics. The model achieving the highest R? score was selected
as the final forecasting model. This process allowed for a systematic evaluation of model configurations and
objectively demonstrated the impact of hyperparameter optimization on prediction accuracy.

3. RESULTS AND DISCUSSION

The performance results obtained from the two-year dataset are presented in Tables 1-4. Specifically,
Table 1 reports the forecasting results for gold, Table 2 for the USD Index, Table 3 for Bitcoin, and
Table 4 for the Nasdaq 100 Index.

Table 1. Performance results for Gold price forecasting.

Model R2 RMSE MAE MSE
Opt_Lasso 0,9589 0,0635 0,0503 0,0041
Linear Regression 0,8377 0,0621 0,0477 0,0041
Default_Lasso 0,1885 0,1537 0,1305 0,0255
Opt_DecisionTree -1,1748 0,5566 0,4642 0,425
Opt_XGBoost -1,5877 0,6014 0,5135 0,4893
Default_ RF -1,8246 0,3552 0,2811 0,1619
Opt_RandomForest -1,9636 0,6421 0,5551 0,5442
Default_XGB -4,6905 0,4434 0,351 0,2248
Default DecisionTree -6,1816 0,4769 0,3931 0,3072
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Table 2. Performance results for U.S. Dollar Index forecasting.

Model R? RMSE MAE MSE
Opt_Lasso 0,9426 0,1856 0,1465 0,0348
Default_Lasso 0,8595 0,2179 0,1676 0,0488
Linear Regression 0,8449 0,1866 0,1468 0,0353
Default RF 0,7382 0,3188 0,2369 0,1183
Opt_XGBoost 0,7175 0,484 0,3677 0,2803
Default XGB 0,6103 0,3689 0,277 0,1539
Opt_DecisionTree 0,6086 0,5476 0,4161 0,3396
Default_DecisionTree 0,4638 0,4563 0,33 0,2435
Opt RandomForest 0,4056 0,7232 0,5899 0,5462

Table 3. Performance results for Bitcoin forecasting.

Model R? RMSE MAE MSE
Opt_Lasso 0,972 0,0779 0,0573 0,0065
Linear Regression 0,914 0,0741 0,055 0,0059
Default_Lasso -0,7735 0,2152 0,1877 0,0739
Opt_XGBoost -1,1118 0,6675 0,502 0,5151
Opt_DecisionTree -1,1388 0,6673 0,5012 0,5208
Opt_RandomForest -1,1671 0,6733 0,5151 0,5218
Default_RF -1,6238 0,5274 0,4334 0,3937
Default_DecisionTree -1,8053 0,5449 0,4491 0,4093
Default XGB -1,8638 0,562 0,4661 0,4548

Table 4. Performance results for Nasdaq 100 Index forecasting.

Model R? RMSE MAE MSE
Opt_Lasso 0,9631 0,054 0,042 0,003
Linear Regression 0,9168 0,0531 0,0424 0,0029
Default_Lasso 0,8063 0,0819 0,0674 0,0068
Opt_DecisionTree -1,6556 0,4253 0,3597 0,2185
Opt_RandomForest -1,6595 0,4413 0,3645 0,214
Opt_XGBoost -1,8764 0,4436 0,3557 0,218
Default_RF -3,0385 0,3167 0,2693 0,1116
Default_DecisionTree -3,1181 0,3385 0,2896 0,118
Default XGB -3,5751 0,3549 0,305 0,1431

Upon examining Tables 1-4, it is evident that the Opt_Lasso model demonstrates the highest
performance by far across all datasets. This model produces the most accurate and consistent results for
all types of forecasts, characterized by high R? values and low RMSE, MAE, and MSE metrics. In most
cases, Linear Regression ranks second in performance. In contrast, the more complex models (XGBoost,
Random Forest, and Decision Tree) generally exhibit poor or even negative R? values, indicating inferior
performance. This finding suggests that the datasets possess strong linear relationships, making simple
linear models more suitable for such data.

The performance results obtained from the five-year dataset are presented in Tables 5-8. Specifically,
Table 5 reports the forecasting results for gold, Table 6 for the USD Index, Table 7 for Bitcoin, and
Table 8 for the Nasdaq 100 Index.

Table 5. Performance results for Gold price forecasting.

Model R? RMSE MAE MSE
Opt_Lasso 0,9851 0,0512 0,0395 0,0027
Linear Regression 0,9125 0,0613 0,048 0,004
Default_Lasso 0,7605 0,1065 0,0871 0,0118
Opt_DecisionTree 0,316 0,5273 0,3982 0,6509
Opt_XGBoost 0,2567 0,5508 0,42 0,7064
Opt_RandomForest 0,0726 0,6092 0,473 0,8191
Default_DecisionTree -3,8622 0,3996 0,3511 0,2519
Default_RF -4,7178 0,4227 0,3678 0,2537
Default XGB -6,9939 0,5051 0,4379 0,3379
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Table 6. Performance results for U.S. Dollar Index forecasting.

Model R? RMSE MAE MSE
Opt_Lasso 0,9846 0,0571 0,0435 0,0033
Linear Regression 0,9456 0,0473 0,0371 0,0023
Default_Lasso 0,8909 0,0669 0,0507 0,0046
Default_RF 0,8665 0,075 0,057 0,0059
Default_DecisionTree 0,78 0,0973 0,0768 0,0101
Default_XGB 0,678 0,0979 0,0785 0,01
Opt_DecisionTree 0,6113 0,2882 0,1836 0,1213
Opt_XGBoost 0,5094 0,3232 0,2112 0,1543
Opt RandomForest -0,0577 0,4978 0,3744 0,2882

Table 7. Performance results for Bitcoin forecasting.

Model R? RMSE MAE MSE
Opt_Lasso 0,9803 0,0633 0,0459 0,0045
Linear Regression 0,9074 0,0742 0,053 0,0059
Default_Lasso 0,8317 0,1008 0,071 0,0109
Opt_XGBoost 0,7457 0,2764 0,1708 0,1049
Opt_DecisionTree 0,6596 0,2941 0,2031 0,1042
Default_RF 0,3873 0,282 0,21 0,1713
Default_DecisionTree 0,3543 0,2966 0,2202 0,1679
Default_XGB 0,2694 0,3326 0,2454 0,2234
Opt RandomForest -0,0302 0,4901 0,3688 0,2847

Table 8. Performance results for Nasdaq 100 Index forecasting.

Model R? RMSE MAE MSE
Opt_Lasso 0,9841 0,0603 0,0455 0,0037
Linear Regression 0,9477 0,0501 0,0398 0,0027
Default_Lasso 0,8694 0,0806 0,0675 0,0066
Opt_XGBoost 0,0767 0,4752 0,3864 0,3678
Opt_DecisionTree -0,0304 0,5022 0,4032 0,3877
Default_DecisionTree -0,2905 0,2245 0,1872 0,0598
Opt_RandomForest -0,3674 0,5928 0,495 0,5024
Default_RF -0,4374 0,2405 0,1971 0,068
Default XGB -0,7921 0,2838 0,2349 0,0888

As shown in Tables 5-8, the Opt_Lasso model consistently achieved the highest accuracy and the lowest
error metrics across all financial assets (Gold, U.S. Dollar Index, Bitcoin, and Nasdaq). The Linear
Regression model followed closely, demonstrating stable and reliable performance in second place.
Even without hyperparameter optimization, the Default_Lasso models performed at an acceptable level.
Conversely, the tree-based models (Decision Tree, Random Forest, and XGBoost) exhibited low or
negative R? values in most cases, indicating poor explanatory power for the target variable. These
findings clearly suggest that the datasets are dominated by linear relationships, making linear models
substantially more suitable for such forecasting tasks.

The performance results obtained from the ten-year dataset are presented in Tables 9-12. Specifically,
Table 9 reports the forecasting results for gold, Table 10 for the USD Index, Table 11 for Bitcoin, and
Table 12 for the Nasdaqg 100 Index.

Table 9. Performance results for Gold price forecasting.

Model R? RMSE MAE MSE
Opt_Lasso 0,9907 0,0348 0,0256 0,0013
Linear Regression 0,9246 0,0362 0,0283 0,0014
Default_Lasso 0,8186 0,06 0,0478 0,0037
Default_DecisionTree -0,4552 0,242 0,1969 0,1031
Default_RF -0,6443 0,2489 0,1991 0,1014
Opt_DecisionTree -0,6959 0,4696 0,3405 0,2859
Opt_XGBoost -0,8454 0,485 0,3532 0,3004
Opt_RandomForest -1,0499 0,539 0,3919 0,3625
Default XGB -1,6929 0,3084 0,2599 0,1554

13



Iscan and Kanak / Estuscience — Theory , 14 (1) — 2026

Table 10. Performance results for U.S. Dollar Index forecasting.

Model R? RMSE MAE MSE
Opt_Lasso 0,9875 0,0606 0,0459 0,0038
Linear Regression 0,9119 0,0581 0,0455 0,0034
Default_Lasso 0,8443 0,0823 0,0637 0,0069
Default_RF 0,8144 0,0903 0,0695 0,0083
Default_DecisionTree 0,7216 0,1051 0,083 0,0111
Default_XGB 0,6409 0,1276 0,1029 0,0184
Opt_DecisionTree 0,4968 0,3312 0,2343 0,135
Opt_XGBoost 0,4592 0,3119 0,2202 0,1402
Opt_RandomForest -0,6558 0,5367 0,4464 0,4273

Table 11. Performance results for Bitcoin forecasting.

Model R? RMSE MAE MSE

Linear Regression 0,9209 0,0608 0,0461 0,0042
Default_Lasso 0,8299 0,0884 0,0646 0,0089
Default_RF 0,7288 0,116 0,0897 0,0159
Default_DecisionTree 0,6026 0,1375 0,107 0,0231
Default_XGB 0,509 0,167 0,142 0,0415
Opt_Lasso -0,1566 0,1416 0,1112 0,0317
Opt_DecisionTree -0,5662 0,5342 0,3878 0,4808
Opt_XGBoost -0,5997 0,535 0,3838 0,4997
Opt RandomForest -0,6435 0,5728 0,4233 0,5308

Table 12. Performance results for Nasdag 100 Index forecasting.

Model R? RMSE MAE MSE
Opt_Lasso 0,9908 0,0356 0,0267 0,0014
Linear Regression 0,9152 0,029 0,0227 0,0009
Default_Lasso 0,7882 0,0476 0,0402 0,0023
Default_DecisionTree -0,7567 0,1443 0,1199 0,0281
Default_RF -1,1443 0,148 0,1243 0,0292
Default_XGB -1,4768 0,1591 0,1365 0,0339
Opt_DecisionTree -1,7133 0,5672 0,4691 0,4441
Opt_XGBoost -1,8759 0,583 0,4809 0,4581
Opt_RandomForest -1,967 0,6043 0,5032 0,49

As observed in Tables 9-12, the Opt_Lasso model consistently achieved the highest predictive accuracy
and the lowest error metrics in the modeling tasks for Gold, the U.S. Dollar Index, and the Nasdag 100
Index. The Linear Regression model followed closely, providing stable and reliable results, and even
achieved the highest predictive accuracy and the lowest error metrics in the Bitcoin forecasting task.
The Default_Lasso models also performed at a satisfactory level, further supporting the presence of a
strong linear structure in the data. Conversely, the tree-based models (Decision Tree, Random Forest,
and XGBoost) yielded low or even negative R? values in most cases, regardless of whether they were
optimized or used with default settings. These findings indicate that the underlying data are largely linear
in nature and that more complex models tend to introduce unnecessary complexity, leading to overfitting
rather than performance improvement.

Table 13 presents a comparative analysis of the findings of this study with those reported in relatively
similar research on financial time series forecasting, based on the R>, RMSE, MAE, and MSE metrics.
Due to the large size of the table, only the Opt_Lasso model — identified as the best-performing
forecasting model in this study — has been included. The comparative analysis demonstrates that
Opt_Lasso delivers strong and competitive performance across all metrics, achieving results that are
comparable to or superior to those reported in previous studies.
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Table 13. Comparison with relatively similar studies.

Authors Dependent Independent Method R? RMSE MAE MSE
Variable Variable(s)
Hansun et al. Bitcoin Bitcoin LSTM - 2518,0217 1617,7592 -
[13] Bi-LSTM - 2222,7354 1422,1933 -
GRU - 1777,3069 1167,3461 -
Simgek [12] BIST100 BIST100 Stacked 0,98024 0,00688 0,00385 0,00002
Ata and Erbudak  Exchange rate Exchange rate Decision Tree 1 0,1522 0,00976 0,00023
[14] Linear Reg. 0,2 0,66752 0,5407 0,44558
SVM 0,99 0,64769 0,6418 0,41951
Gauss 0,75 0,33726 0,28072 0,1135
Ullah et al. [15] CNY/USD CNY/USD LSTM - 0,055 0,043 0,003
XGboost - 1,119 0,111 0,701
Meng et al. [16] RMB/USD StockIndex TSMixer - - 0,032 0,002
ExchangeRates FEDformer - - 0,033 0,002
CurrencyMarket iTransformer - - 0,035 0,002
PatchTST - - 0,039 0,003
TimesNet - - 0,038 0,003
Transformer - - 0,042 0,004
MLP - - 0,053 0,006
TCN - - 0,049 0,004
LSTM - - 0,047 0,005
Panda et al. [17] GBP/USD GBP/USD CNN-RF 0,9665 0,2329 0,122 0,2334
AUD/USD AUD/USD CNN-RF 0,9665 0,3879 0,2275 0,3334
EUR/CAD EUR/CAD CNN-RF 0,97 0,6079 0,3523 0,344
Lakhal [18] USD/EUR USD/EUR LSTM - - 0,0179 0,00033
RNN - - 0,0505 0,0029
ARIMA - - 0,0164 0,00046
Olsen et al. [19] EUR/USD EUR/USD LSTM - 0,1995 0,0992 0,0398
RF - 0,201 0,1124 0,0404
GARCH - 0,1916 0,0972 0,0367
HAR - 0,195 0,1197 0,038
MIDAS - 0,1943 0,1012 0,0377
Tang and Xie [20] EUR/USD EUR/USD OCEEMDAN 0,9551 - 2,6501 2,1076
GBP/USD GBP/USD OCEEMDAN 0,9231 - 1,5493 1,6174
USD/IPY USD/IPY OCEEMDAN 0,918 - 1,1659 1,0945
Rahat et al. [21] usb/BDT uUSb/BDT LSTM - 0,9858 0,752 -
ARIMA - 1,342 1,015 -
GBC - 1,128 0,894 -
Li et al. [22] Bitcoin Bitcoin Naive Linear Reg. - - 0,962 -
Lasso - - 0,918 -
Decision Tree - - 1,3502 -
Our approach Gold Dollar Index Opt_Lasso 0,9907 0,0348 0,0256 0,0013
Bitcoin
Nasdaqg 100
Dollar Index Gold Opt_Lasso 0,9875 0,0606 0,0459 0,0038
Bitcoin
Nasdaqg 100
Bitcoin Gold Linear Reg. 0,9209 0,0608 0,0461 0,0042
Dollar Index
Nasdaq 100
Nasdaq 100 Gold Opt_Lasso 0,9908 0,0356 0,0267 0,0014
Dollar Index
Bitcoin
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4. CONCLUSION

In this study, the values of various financial assets — namely Gold, the U.S. Dollar Index, Bitcoin, and
the Nasdaq 100 Index — were forecasted using both the default and hyperparameter-optimized versions
of five different machine learning models: Linear Regression, Lasso Regression, Decision Tree,
Random Forest, and XGBoost. The primary objective was to evaluate and compare the predictive
performance of linear and nonlinear modeling approaches across different financial instruments.

To achieve this, datasets covering three distinct time horizons — two years, five years, and ten years —
were constructed for each asset. These datasets were then used to generate forecasts and to assess how
the length of historical data influences model accuracy and generalization capability. The findings reveal
that the best predictive performance was obtained with the ten-year dataset. Models trained on the ten-
year data achieved higher accuracy levels than those trained on the two- and five-year datasets. This
improvement can be attributed to the longer time horizon capturing broader market dynamics and trends,
reducing short-term noise, and providing the models with more comprehensive information for learning
underlying patterns.

In the analysis encompassing all periods and asset types, the Opt_Lasso model clearly demonstrated the
highest performance. Its R? values ranged between 0.98 and 0.99 in most tables, while RMSE and MAE
values remained very low. These results indicate that the Opt_Lasso model provides the greatest stability
and generalizability in terms of both accuracy and error metrics.

The Linear Regression model consistently ranked second, exhibiting reliable and stable predictive
power, with R? values exceeding 0.90 in nearly all cases. The Default Lasso models also achieved
satisfactory performance without hyperparameter optimization, with R? values around 0.80 in most
instances, suggesting the presence of strong linear relationships in the datasets.

In contrast, the tree-based methods (Decision Tree, Random Forest, and XGBoost) generally produced
low or even negative R? values, even when optimized. This outcome indicates that the data do not exhibit
complex nonlinear structures but are instead predominantly linear, driven largely by trends and
correlations.

The forecast values in this study are for academic information purposes and do not constitute investment
advice.

When examining the existing literature, studies on forecasting financial time series typically focus on a
specific currency or financial indicator as a single dependent variable, with separate models developed
for each asset. However, in this study, the prediction of different financial instruments such as gold, the
dollar index, Bitcoin, and the Nasdaqg 100 Index is performed within a single framework using a holistic
approach. In this regard, the study differs from existing approaches in the literature not only by
conducting multi-dependent variable forecasting but also by addressing assets with diverse
characteristics within the same modeling system. This multidimensional forecasting approach represents
a significant methodological and practical innovation, particularly given the increasing integration of
financial markets. Thus, the originality of the study extends beyond the singular forecasting tendencies
commonly observed in the literature.
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