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Prediction of Values of Borsa Istanbul Forest, Paper,
and Printing Index Using Machine Learning Methods

Tlker Akyiiz,2 Kinyas Polat,” Selahattin Bardak,®* and Nadir Ersen ¢

It is difficult to predict index values or stock prices with a single financial
formula. They are affected by many factors, such as political conditions,
global economy, unexpected events, market anomalies, and the
characteristics of the relevant companies, and many computer science
techniques are being used to make more accurate predictions about them.
This study aimed to predict the values of the XKAGT index by using the
monthly closing values of the Borsa Istanbul (BIST) Forestry, Paper and
Printing (XKAGT) index between 2002 and 2023, and the machine
learning techniques artificial neural networks (ANN), random forest (RF),
k-nearest neighbor (KNN), and gradient boosting machine (GBM).
Furthermore, the performances of four machine learning techniques were
compared. Factors affecting stock prices are generally classified as
macroeconomic and microeconomic factors. As a result of examining the
studies on determining the macroeconomic factors affecting the stock
markets, 10 macroeconomic factors were determined as input. The
macroeconomic variables used were crude oil price, exchange rate of
USD/TRY, dollar index, BIST100 index, gold price, money supply (M2),
S&P 500 index, US 10-year bond interest, export-import coverage rate in
the forest products sector, and deposits interest rate. It was determined
that all machine learning techniques used in the study performed
successfully in predicting the index value, but the k-nearest neighbor
algorithm showed the best performance with R?=0.996, RMSE=71.36, and
a MAE of 40.8. Therefore, in line with the current variables, investors can
make analyzes using any of the ANN, RF, KNN, and GBM techniques to
predict the future index value, which will lead them to accurate results.
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INTRODUCTION

The forest-based sector has significant economic and social value on both a national
and global scale. This sector, which constitutes 25% of Turkiye’s total manufacturing
industry, affects many sectors directly and indirectly (Kahraman 2023).In addition, this
sector is constantly developing its product diversity with new technologies, and it has a
3.3% share of Tiirkiye’s total exports (Yildiz and Erdogan 2020; Aegean Exporters’
Associations 2024).

The performance of companies in the forest-based sector can be a valuable indicator
for understanding the general economic situation and industrial developments. At this
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point, the Forestry, Paper, Printing Index (XKAGT) emerges as an important tool to
monitor the performance of companies operating in these sectors. As of April 30, 2024, 17
companies are traded in the BIST Forest, Paper, Printing (XKAGT) index, which started
to be calculated on Dec 27, 1996. The number of investors of the BIST XKAGT index was
625,342 as of April 30, 2024, and the number of investors of BIST XKAGT index
constitutes 7.65% of BIST all index (Borsa Istanbul 2023; Kahraman 2023).

XKAGT directly measures the positive or negative changes that may occur in the
wood-based sector and plays important roles in managing strategic investment decisions in
this sector (Kaderli et al. 2013).

Increasing instability in stock markets means that investors assume risks. Increased
instability can also be a situation that can lead investors to losses (Kurt and Senal
2018).Therefore, the prediction of XKAGT values is very important for investors, sector
actors, and people and organizations connected to the sector. Since stock indices reflect the
values and performances of the stocks in the portfolio, they are an effective indicator in
investors’ decisions to invest or abandon investment in the capital markets. Additionally,
indices are one of the indicators that foreign investors use to analyze the general economic
and political performance of the country in which they intend to invest (Bayramoglu 2007).

Predicting how the stock market will perform is one of the most difficult things to
do (Cavalcante et al. 2016). Nowadays, artificial intelligence is used to solve uncertainties
in matters such as measuring index performances and predicting stock prices (Ozcan
Akdag et al. 2022). Machine learning is a field of artificial intelligence that is being used
as a game changer in predicting stock market index prices (Ravikumar and Saraf 2020).
Research on stock market index predictions based on machine learning algorithms has
attracted more attention recently (Hu et al. 2022). Various machine learning methods, such
as artificial neural networks, decision trees, k-nearest neighbors, support vector machines,
support vector regression, bagging, gradient boosting, random forest, etc., are being used
to predict stock market movement (Ceylan 2018). There is no best algorithm that can
predict the stock market movement with high accuracy. Therefore, performance analysis
of different machine learning algorithms is needed to reach the best machine learning
algorithm that provides the most optimal and precise prediction of stock market movement.
The use of different machine learning methods has important practical implications in
guiding investors in choosing algorithms, weighing risk-return, and making more rational
investments (Sakhare and Imambi 2019; Vijh et al. 2020; Hu et al. 2022).

When the literature on machine learning applications in the forest-based industry
was examined, it was found that the number of studies on stock market index value and
stock price predictions in the forest-based industry is limited. In particular, there are studies
on price and demand forecasting of forest products. Yildirim et al. (2011) predicted
financial return of paper sector in Turkey using artificial neural networks (ANN) and
multiple linear regression (MLR). As a result of the study, it was observed that although
both methods provide successful results, ANN performed significantly better than MLR.
Yicesan et al. (2017) predicted the monthly sales of a furniture manufacturer located in
the Black Sea region of Turkey with ANN model based on Bayesian rules training in the
study.

It has been concluded that the ANN model is an applicable model in predicting the
sales of the furniture factory. Verly Lopes et al. (2021) predicted Random Length lumber
stock price using LSTM artificial recurrent neural networks. As a result of the study, it was
observed that the LSTM network can efficiently capture non-linear temporal relationships.
Kurniawan et al. (2021) aimed to predict the raw paper material of the printing company
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with the short-term memory method, and it was determined that the method could be used
in raw paper material prediction.

In the master's thesis by Ghorbanali (2022), the prices of products sold from a large
furniture company were predicted using different machine learning methods like linear
regression, Bayesian ridge regression, light GBM, and XGBoost. Results showed that
XGBoost machine learning model achieved better prediction than other models. Yaneva
and Kulina (2023) aimed to predict furniture demand with machine learning techniques.
For this purpose, daily data of a large furniture manufacturer in Bulgaria was used. In the
study predicting timber prices in Poland with artificial neural networks (RBF and MLP)
and classical models (ARIMA, ETS, BATS, and TBATS) by Kozuch et al. (2023), they
stated that neural networks provide more accurate results compared to classical methods
that are widely used in predicting timber prices. Bardak (2023) tried to predict the prices
of bookcase and dresser type furniture using data that obtained different public e-commerce
sites in the United States and deep learning and random forest algorithms. It was concluded
that deep learning and random forest algorithms are suitable for predicting furniture prices.

Studies on different stock market index prediction with machine learning methods
can be listed as: prediction of Korea Composite Stock Price Index 200 (Pyo et al. 2017),
prediction of Swedish OMX 30, British FTSE 100, and Australian S&P/ASX 200 indexes
(Johnsson 2018), prediction of Japanese Nikkei 225 and Japanese Nikkei 400 indexes
(Harahap et al. 2020), prediction of the BIST 30, BIST 50 and BIST 100 price indices
(Yigit et al. 2020), prediction of S&P 500 index (Abraham 2021), prediction of National
Association of Securities Dealers Automate (NASDAQ), New York Stock Exchange
(NYSE), Nikkei, and Financial Time Stock Exchange (FTSE) index (Subasi et al. 2021),
prediction of BIST Transportation index (Ozcan Akdag et al. 2022), prediction of Indian
Stock Market Nifty 50 index (Singh 2022), prediction of the Dow Jones stock index
movement (Alihodzic et al. 2022), prediction of BIST 100 index (Unvan and Ergeng 2023),
prediction of Borsa Istanbul banks index (Armagan 2023), prediction of Taiwan 50
Exchange Traded Funds (ETF) index (Fan et al. 2024), prediction of MASI, CAC 40,
DAX, FTSE 250, NASDAQ, and HKEX indexes, representing the Moroccan, French,
German, British, US, and Hong Kong (Oukhouya et al. 2024).

In order to be useful to sector representatives, current and potential investors, and
other individuals and organizations affected by changes taking place in the industry in the
forest products, furniture, paper and publishing sectors, a prediction study was made on the
XKAGT index values by creating artificial neural network, gradient boosting machine,
random forest, and k-nearest neighbor models with monthly data based ten macroeconomic
variables, and these techniques were compared. Moreover, there are limited prediction
studies on stock market price of the forest-based sector using machine learning methods.
In this respect, this study contributes to the literature.

EXPERIMENTAL

Data Collection and Processing

In this study, a dependent variable and 10 macroeconomic (independent) variables
that were determined to have a direct or indirect effect on the stock were used. In
determining the independent variables, studies in the literature (Budak et al. 2017; Girsoy
2019; Durmus et al. 2019; Fattah and Kocabiyik 2020; Ozcan Akdag et al. 2022) and
expert opinions were used. The independent variables in the machine learning models were
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crude oil price, exchange rate of USD/TRY, dollar index, BIST 100 index, gold price,
money supply (M2), S&P 500 index, US 10-year bond interest, export-import coverage
rate in the forest products sector, and deposit interest rate. Information regarding the
variables used in the analysis is given in Table 1.

Table 1. Variables Used in Analysis

Data set | Variables Access source Variable Date
type range
XKAGT index Investing.com Numerical
BIST 100 index Investing.com Numerical
Gold price Investing.com Numerical
S&P 500 index Investing.com Numerical
US 10-year bond interest Investing.com Numerical
Crude oil price Investing.com Numerical
Exchange rate of USD/TRY Investing.com Numerical 200201
Monthly | Dollar index Investing.com Numerical 202311
Central Bank of the
Deposit interest rate Republic of Turkiye Numerical
(CBRT)
Central Bank of the
Money supply (M2) Republic of Turkiye Numerical
(CBRT)
Export Trademap.org Numerical
Import Trademap.org Numerical

Before machine learning models are established, the data set must go through some
data preprocessing. Missing data analysis and outlier data analysis were performed from
the data preprocessing. It was checked whether there was any missing data in the data set
with the isnull parameter of the Python programming language and no missing data was
found. Outlier analysis was performed using the boxplot method, and some results are
given in Fig. 1. As seen in the figure, it was determined that there were no outlier values.
After the preprocessing, the data was split into two: 80% (211) training data and 20% (52)
test data.

Modeling

Experiments were conducted using Python coding on a data set consisting of 10
independent and 1 dependent variable. Artificial neural networks, random forest, k nearest
neighbors, and gradient boosting machine algorithms were used, and four different models
were established. Python programming language was used to apply machine learning
techniques. The most common programming language used in 57% of artificial intelligence
studies is Python, which has various libraries that can be used in different areas (Kizrak
2018).
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Fig. 1. Outlier analysis of variables

Artificial neural networks (ANN)

The prediction method with artificial neural networks was implemented using
pandas, numpy, Pytorch, and Optuna libraries. The pandas and numpy libraries were
utilized to manipulate and process datasets. The PyTorch library (Hassan et al. 2022) was
employed in both the training and testing phases of the model. The use of the Optuna library
(AKI et al. 2019; Yu and Zhu 2020; Abdolrasol et al. 2021; Rimal et al. 2024) was
employed to optimize hyperparameters, including the learning rate and the quantity of
neurons in the hidden layer of the model. In the beginning, the data set was partitioned into
targets (y) and features (X) for the purpose of training the model. The data set was
subsequently partitioned into test and training sets before being transformed into PyTorch
tensors. A batch processing strategy was utilized throughout the model training phase to
run over the dataset and modify the model weights. Upon completion of the training
process, the model was assessed on the test set by calculating several performance
measures (MSE, MAE, and R?). In this model, both the ADAM optimization technique and
the ReL U activation function were implemented (Ahmad et al. 2022). The ReLU function
was selected for the activation of neurons in the hidden layer as part of the model's design.
Weight adjustments during the model's training were performed using the ADAM
optimization technique.

The performance of any machine learning model directly depends on the selected
hyperparameter. There are different hyperparameter values for the algorithms used in
modeling and separate calculations have been made for each algorithm. Table 2 presents
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the usage values of hyperparameters used for ANN. As seen in Table 2, hidden size,
number epoch and weight hyperparameters were analyzed for the ANN model. Hidden size
represents the number of neurons in the hidden layer. This parameter was chosen within
the range of 10 to 100. Number epoch specifies the number of forward and backward passes
the complete training dataset undergoes through the ANN. The number epoch value was
determined within the range of 50 to 200.Weight value was chosen within the range of
0.0001 to 0.2.

Table 2. ANN Hyperparameter Candidates

Hyperparameters Search space
hidden size 10-100
number epochs 50-200
weights 0.0001-0.2

K nearest neighbor (KNN)

The k-nearest neighbor algorithm, defined by Fix and Hodges in 1951, is a non-
parametric machine learning technique used for classification and regression based on
linear supervised pattern recognition (Lu and Zhu 2014; Bhuvaneswari and Therese 2015).
The application process of the nearest neighbor technique in this study is as follows: first,
the pandas library was included into the model to facilitate data manipulation and analysis.
Then, utilizing the K-Neighbors Regressor (Yao 2023) from the sklearn.neighbors module,
value predictions have been generated according to the closeness of data points. The
GridSearchCV framework (Kudari et al. 2021) was employed to ascertain and optimize the
model's hyperparameters. In the K nearest neighbor algorithm model, learning rate,
algorithm, and n neighbors hyperparameters were analyzed and the usage values of the
hyperparameters were given in Table 3.

As it has a direct impact on the performance of the model, the selection of the
number of nearest neighbors (k) is critical. "k" denotes as "n neighbors" (for regression) in
Python coding. Demonstrating sensitivity to noise in the data, a reduced value of 'k’ may
result in overfitting. A greater value of 'k', on the other hand, might result in underfitting
due to the smoothing of the decision boundary. This parameter was chosen within the range
of 2to0 9.

The manner in which the distance or uniform weight parameter is utilized to
determine the contribution of the neighbors to the output prediction process is how the
neighbor contributions are weighted. The process by which each neighbor contributes
equally to the forecast is referred to as "uniform weighting." Each neighbor is accorded
equal importance in this setting. In contrast, neighbors are weighed according to their
distance from the query point; this is referred to as "distance” weighting.

Algorithm is another crucial element. The algorithm employed for calculating the
nearest neighbors is determined by this parameter. "Ball tree,” "KD tree," and "Brute" are
among viable choices. Through testing each of them, the code's auto-function ascertains
which one is most appropriate.
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Table 3. KNN Hyperparameter Candidates

Hyperparameters Search space

n neighbors 2,3,4,57,9
algorithm Auto, Ball tree, Kd tree, Brute
learning rate Uniform, Distance

Gradient boosting machine (GBM)

For the GBM model, inaddition to the sklearn.ensemble module's Gradient
Boosting Regressor method (Rao et al. 2023), the pandas and numpy libraries have been
utilized.

Achieving optimal tuning of hyperparameters is critical to improving the accuracy
of predictions and the ability of the model to generalize. Improving hyperparameters
delineates a domain containing probable hyperparameter values for the Gradient Boosting
Model (GBM). This procedure involves the utilization of several hyperparameters,
including the minimum sample leaf, learning rate, maximum depth, and n estimators (Table
4).

The number of trees in the forest is expressed with n estimators. In general, a greater
number of "n estimators” indicates a model with greater complexity. This parameter was
chosen as 100, 200, and 300. Learning rate is the term used to describe the speed at which
modifications are implemented at each stage. In this study, learning rates such as 0.01, 0.1,
and 0.2 have been tried. The parameter named max depth delineates the maximum depth
that a tree inside the model can attain. This parameter was chosen as 3, 4, and 5. Another
hyperparameter utilized by decision tree algorithms is "min samples split." It specifies the
minimum number of samples that are necessary to further divide an internal node into child
nodes. In this study, it was chosen as 2, 3, and 4. A hyperparameter utilized in ensemble
methods such as random forests and gradient boosting machines, "min samples leaf" is a
component of decision tree algorithms (GBMs). The numbers 1, 2, and 3 were utilized as
min samples leaf. GBM is the moniker given to the GradientBoostingRegressor model that
is constructed with random state set to 42.

Table 4. GBM Hyperparameter Candidates

Hyperparameters Search space

n estimators 100, 200, 300

learning rate 0.01,0.1,0.2

max depth 3,4,5

min samples leaf 1,2,3

min samples split 2,3,4
Random forest (RF)

In this study, firstly, the data collection was loaded and processed with the pandas
library. In the realm of broad mathematical and numerical operations, numpy has been
favored. Utilization has been made of the Random Forest Regressor function (EI Mrabet et
al. 2022) from the sklearn.ensemble module. When optimizing hyperparameters for the
Random Forest model, several factors must be considered (Contreras et al. 2021; Virro et
al. 2022; Lee et al. 2023; Sandunil et al. 2023). As can be seen in Table 5, six
hyperparameter analyzes were performed to tune the Random forests model. These
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parameters are: n estimators, max features, min samples split, learning rate, max depth, and
min sample leaf. With the exception of the max feature parameter, all other parameters are
identical to those of the BGM model. The "max features™ is a hyperparameter used in the
Random Forest technique, which governs the quantity of features to be taken into account
while constructing trees and identifying the optimal split. The choices are sqrt, log2, and
none. The values of other hyperparameters were determined as n estimators: 100, 200, 300,
learning rate: 0.01, 0.1, 0.2, max depth: 4 ,6, 8, 10, min sample leaf: 1, 2, 3, min sample
split: 2, 5, 10.

Table 5. RF Hyperparameter Candidates

Hyperparameters Search Space
n estimators 100,200,300
learning rate 0.01,0.1,0.2
max depth 4,6,8,10
max features sqrt, Log2, None
min samples leaf 12,4

min samples split 2,510

Evaluation of Models

Coefficient of determination (R?), mean absolute error (MAE), and root mean
square error (RMSE) were used to measure the performance of all machine learning
models. Table 6 includes the mathematical formulas and definitions of the performance
metrics used in the research. K-cross validation technique was utilized to evaluate model
performances more accurately and objectively. In this study, 3-fold cross validation was
used on the training set.

Table 6. Performance Metrics Used in the Study (Botchkarev 2018; Correa-
Jullian et al. 2020; Gao 2023)

Performance metrics Mathematical formulas Definitions
Coefficient of R? = 1 >N (i —3)? It shows the extent to which
determination - YV (v — )2 the model can explain the

i=

deviation between the data.

1 N It represents the average of
Mean absolute error MAE=—Z|YL'—37L| the absolute values of the

N

i=1 errors.

It is used to measure the
magnitude of the variance
between predicted and actual
values.

Root mean square error RMSE =

RESULTS AND DISCUSSION

After preprocessing the data and splitting the dataset into training set and test set,
the aim was to make parameter entries for the models and to obtain the best performance
with these parameter entries. While selecting the best parameter values, it was taken as a
basis that the total error value was minimum. The hyperparameters of the GBM, KNN,
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and RF were optimized using GridSearchCV, whereas the hyperparameters of the ANN
were optimized using ADAM and Optuna optimization technique. The best values of
hyperparameter of all machine learning models used in the study are given in Table 7.
When the best values of the parameters of all machine learning models are examined, it
was determined that max depth=4, min samples leaf=1, min samples split=4, n
estimators=300, and learning rate: 0.1 for GBM, algorithm=auto, weights=uniform, and n
neighbors=2 for KNN, learning rate= 0.074, hidden size=58, and number epochs=194 for
ANN, and max depth=10, max features= sgrt, min samples leaf=1, min samples split=2, n
estimators=100, and learning rate: 0.1 for RF. Predictions were produced for both the
training set and the test set using the best parameters.

Table 7. Optimal Model Parameters for All Machine Learning Algorithms

Models Hyperparameter Values

n estimators 300
learning rate 0,1

GBM max depth 4
min samples leaf 1
min samples split 4
n neighbors 2

KNN algorithm Auto
learning rate Uniform
hidden size 58

ANN number epochs 194
weights 0,074
n estimators 100
learning rate 0,1
max depth 10

RF

max features sqrt
min samples leaf 1
min samples split 2

The performances of the prediction results were evaluated with RMSE, MAE and
R? evaluation criteria. When the performances of the models in Table 8were examined, it
was found that the MAE values of GBM is 0.620 for the training phase and 61.6 for the
testing phase, the MAE values of RF was 25.25 for the training and 57.72 for the testing,
the MAE values of KNN were 36.20 for training and 40.8 for testing, and the MAE values
of ANN were 33.48 for the training and 63.31 for the testing. An important criterion used
to evaluate the validity of the model was the correlation coefficient (R?) between the
experimental and prediction results. R? value takes a value between 0 and 1. If this value
approaches 1, the model is quite compatible with the data (Ozsahin 2012). When the R?
values of the models were analyzed, the R? values in the training and test data sets of GBM
were 0.999 and 0.978, respectively, the R? values in the training and test data sets of RF
were 0.996 and 0.989, respectively, the R? values in the training and test data of KNN were
0.993 and 0.996, respectively. TheR? values in the training and test data sets of ANN were
0.997 and 0.991, respectively.
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Table 8. Comparison of the Performance of the Models

Training Test
Models
RMSE MAE R? RMSE MAE R2
GBM 0.781 0.620 0.999 165.6 61.6 0.978
RF 68.00 25.25 0.996 114.4 57.72 0.989
KNN 88.46 36.20 0.993 71.36 40.8 0.996
ANN 56.24 33.48 0.997 104.9 63.31 0.991
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Fig. 2. Comparison of actual values and predicted values obtained with the all machine learning
methods

When looking at Fig. 2, it can be seen that the predicted values obtained by GBM,
RF, KNN, and ANN models were close to the actual values. Although all models used in
index prediction gave successful results, it was observed that GBM’s RMSE and MAE
values were lower and its R? value was higher than other models in the training phase, and
that KNN was the model with the best evaluation criteria in the testing phase. In the
literature, there are studies on the successful performance of machine learning methods in
stock price prediction. In other words, previous study results overlap with the results of
this study. Yildirim et al. (2011) found that The ANN and the multiple linear regression
methods provide good performance for paper sector financial return prediction and ANN
was significantly better than the multiple linear regression model. Roy et al. (2020) found
that random forest and gradient boosting machine methods provide satisfactory
performance in predicting stock prices. Verly Lopes et al. (2021) revealed that the LSTM
artificial recurrent neural networks predicted the Random Length lumber stock price with
low error terms for MSE, RMSE, and MAE. Singh (2021) found that machine learning
techniques including ANN, LR, SGD, SVM, AdaBoost, RF, kNN and DT give significant
results in Nifty 50 index prediction, but AdaBoost, KNN, RF and DT under performed with
increase in the size of data set. Armagan (2023) determined that artificial intelligence-based
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deep learning models perform better compared to traditional model in BIST banks index
prediction and Convolutional Neural Networks Model (CNNM) gives the best results.
Oukhouya et al. (2024) reported that machine learning models show very good results in
predicting daily prices of stock indices.

CONCLUSIONS

1.

The purpose of this study was to guide investors or those considering investing in
analyzing and speculating on the stock price trend, which will help them in purchasing
stocks to make maximum profits.

It is seen that models created with gradient boosting, random forest, k-nearest
neighbors and artificial neural networks methods, which are machine learning methods,
are successful in predicting the next day's closing values of the BIST Forest, Paper and
Printing index. R? values of all models were above 0.97 in both training and testing
phases.

Although all models performed well in index prediction, it was observed that GBM in
the training phase and KNN in the testing phase were more successful than the others.

Industry actors, current and potential investors can have an idea about future index
values by analyzing any of the machine learning techniques used in the study in line
with the variables used in the study.

The use of only 10 macroeconomic variables and four machine learning methods as
input in the study is a limitation of the study. Since stock market index values are
affected by many factors in both short and long time periods, it would be meaningful
for further research to include and analyze market psychology, and companies’
financial ratios such as current ratio, cash ratio, leverage ratio as well as
macroeconomic economic variables.

Research can be carried out to predict the stock price movements of individual
companies included in the XKAGT index.

Different studies can be carried out by using different machine learning (e.g., Decision
tree, Support Vector Machine-SVM) and deep learning methods (e.g., Convolution
Neural Network-CNN, Simple Recurrent Network-SRN) and hybrid the methods (e.g.,
LSTM-XGBoost).
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APPENDIX

Appendix 1.The running code for GBM process

# Hyperparameter adjustment
param_grid = {
'n_estimators': [100, 200, 300],
‘learning_rate": [0.01, 0.1, 0.2],
'max_depth': [3, 4, 5],
'min_samples_split": [2, 3, 4],
'min_samples_leaf": [1, 2, 3]
}
# Model building by GridSearchCV
gbm = GradientBoostingRegressor(random_state=42)
grid_search = GridSearchCV (estimator=gbm, param_grid=param_grid, cv=3, n_jobs=-1,
verbose=2)
grid_search.fit(X_train, y_train)

Appendix 2.The running code for KNN process

# Determining the hyperparameter range for KNN
param_grid_knn = {

'n_neighbors'" [2, 3, 4,5, 7, 9],

‘weights': ['uniform’, 'distance’],

‘algorithm': [‘auto’, 'ball_tree', 'kd_tree', 'brute’]

}
# Hyperparametre optimization with GridSearchCV

knn = KNeighborsRegressor()

grid_search_knn = GridSearchCV (estimator=knn, param_grid=param_grid_knn, cv=3,
n_jobs=-1, verbose=2)

grid_search_knn.fit(X_train, y_train)

Appendix 3.The running code for ANN process

# Objective function for hyperparameter optimization;
def objective(trial):
hidden_size = trial.suggest_int(‘hidden_size', 10, 100)
Ir = trial.suggest_float('lr', 1e-4, le-1, log=True)
num_epochs = trial.suggest_int('"num_epochs', 50, 200)
model = ANNModel(X_train.shape[1], hidden_size, 1)
optimizer = optim.Adam(model.parameters(), Ir=Ir)
criterion = nn.MSELo0ss()
for epoch in range(num_epochs):
model.train()
for batch_x, batch_y in train_loader:
optimizer.zero_grad()
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outputs = model(batch_x)
loss = criterion(outputs, batch_y)
loss.backward()
optimizer.step()
model.eval()
with torch.no_grad():
y_pred = model(X_test _t)
mse = mean_squared_error(y_test, y_pred.numpy())
return mse
# Optuna optimization
study = optuna.create_study(direction="minimize’)
study.optimize(objective, n_trials=50)

Appendix 4.The running code for RF process

# Determining the hyperparameter range
param_grid = {
'n_estimators': [100, 200, 300],
'max_features': ['sqrt’, 'log2', None], # 'auto’ yerine 'sqrt’, 'log2' veya None
'max_depth': [4, 6, 8, 10],
'min_samples_split: [2, 5, 10],
'min_samples_leaf": [1, 2, 4]
}
# Hyperparameter optimization with GridSearchCV
rf = RandomForestRegressor(random_state=42)
grid_search = GridSearchCV (estimator=rf, param_grid=param_grid, cv=3, n_jobs=-1,
verbose=2)
grid_search.fit(X_train, y_train)
# Retrain the model using the best parameters
best_rf = grid_search.best_estimator_
best_rf.fit(X_train, y_train)
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