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1. Introduction

Recent advances in parallel computing, big data analytics, and machine learning, particularly deep
learning, have transformed predictive modeling across industries [1, 2]. In the financial sector, these tech-
nologies enable the processing of vast and complex datasets to uncover hidden patterns and improve the
accuracy of market forecasts [3]. Models such as deep neural networks, supported by high-performance
computing, are now widely used to predict stock market trends by analyzing historical prices, macroeco-
nomic indicators, and investor sentiment extracted from news and social media. These developments have
reinforced the role of artificial intelligence in financial decision making.

Stock markets are crucial to economic development, particularly in emerging economies, where they
serve as both indicators of economic health and mechanisms for raising capital [4]. However, despite their
importance, stock market participation remains low in many regions, driven by factors such as perceived risk,

limited financial literacy, and a lack of reliable forecasting tools. Machine learning (ML)-based predictive
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models offer promising solutions to these barriers by learning from complex, high-dimensional data and
adapting to rapidly changing market conditions [2]. Unlike traditional statistical models, machine learning
(ML) algorithms can evolve with new information, thereby improving their predictive capacity over time.
This adaptability makes them particularly suitable for dynamic financial environments.

Accurate stock price prediction, however, depends not only on the choice of algorithm but also on
the relevance and quality of the input features. Prior research has often focused on developed markets such
as the NYSE or NASDAQ, and primarily used technical indicators or price history as predictive inputs [5].
This approach overlooks the broader economic variables that significantly affect market behavior in emerg-
ing markets. Moreover, few studies have examined the impact of macroeconomic indicators, such as com-
modity prices and foreign exchange (FX) rates, on stock performance within localized contexts.

To address this gap, the present study focuses on the Bombay Stock Exchange (BSE), one of Asia's
largest and most sensitive financial markets, and evaluates how macroeconomic indicators, including gold,
silver, crude oil prices, and the INR/USD exchange rate, affect market efficiency. These features were
selected for their historical economic significance in the Indian context. For example, India's status as a
major oil importer directly links global crude oil prices to domestic corporate costs and inflation, while
fluctuations in the foreign exchange rate impact international trade and investment. Our empirical correla-
tion analysis confirms the predictive relevance of these features, with gold prices in particular showing a
strong positive correlation with BSE performance.

In this work, we apply and compare multiple machine learning models: Adaptive Boosting (Ada-
Boost), Support Vector Machine (SVM), Gradient Boosting, and Random Forest on BSE data to evaluate
their predictive accuracy. Unlike much of the existing literature focused on global indices, this study pro-
vides a localized, data-driven forecasting framework tailored to an emerging market. Our results not only
validate the value of macroeconomic features in financial prediction but also demonstrate the effectiveness
of ensemble methods, particularly AdaBoost, in delivering robust and interpretable stock forecasts. This
contribution aims to inform both academic research and practical investment decision-making in volatile

and under-studied financial environments.

2. Literature Review

The following section provides a concise discussion of several studies focused on stock market pre-
diction using machine learning algorithms. In Desokey, et al. [6], clustering algorithms were developed by
combining a genetic algorithm with the k-means algorithm. The primary objectives were to enhance stock
market prediction through improved clustering and to examine the impact of this hybrid approach on pre-
diction outcomes. To evaluate the accuracy of the clustering method, Chi-Square similarity measures and

the sum of squared distances (SSD) were used.
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Using sentiment characteristics and Latent Dirichlet allocation (LDA) features, Wang, et al. [7] care-
fully select official accounts from Sina Weibo, which is one of the major online social networks in China.
In the research conducted, the authors evaluated the news content collected from these accounts. The RNN
boost model, used to forecast stock volatility in the Chinese stock market, was developed by combining
specific characteristics with technical indicators. Based on the experimental findings presented in the cited
research, it appears that the proposed model is superior to other methods often employed and can make
accurate predictions.

He, et al. [8] offer a data mining technique that can be used for researching and predicting trends in
stock prices. The three processes that make up the approach are partitioning, analysis, and prediction. The
k-means clustering approach is used to segregate the time series data related to stock prices. A linear re-
gression analysis is conducted after the data has been partitioned to investigate the patterns present within
each cluster. After that, the results of the linear regression are applied to provide predictions regarding
trends for windowed time series data. In addition, it is designed for stock trading, but it can also be utilized
to analyze the trend of any time series, including economic data.

Nikou, et al. [9] determine the degree to which machine learning algorithms can anticipate the stock
market accurately. All daily closing price information from the iShares MSCI UK listed funds was used,
beginning in January 2015 and continuing through June 2018. In the process of predicting, there are four
different kinds of machine learning algorithms taken into consideration. When it comes to making accurate
predictions, deep learning is superior to other methods, with support vector regression coming in second,
producing fewer errors than neural networks and random forests.

Gurav and Sidnal [10] investigate several approaches to stock market analysis, mathematical models,
the algorithms that are utilized the most frequently in the data science business, a review of several different
types of machine learning algorithms, and a description of potential solutions. The purpose of this article is
to study a range of aspects of dynamic stock market prediction. The essay is based on the concept that the
reduction of risk associated with stock market investment is strongly connected to the reduction of inaccu-
racy in forecasting.

Machine learning techniques have been utilized in the stock trading industry to forecast stock price
increases and decreases before the actual occurrence of a rise or fall in stock price. Shah [11] discusses
Support Vector Machines, Linear Regression, Decision Stumps Prediction, Expert Weighting, and Online
Learning, along with the advantages and disadvantages of each method. Additionally, the authors discuss
how to implement each methodology. Additionally discussed are the aspects and variables that can be uti-
lized to identify patterns in stock prices that may prove beneficial in the future for stock forecasting, as well
as how Boosting can be combined with other learning algorithms to enhance the precision of such systems.

Sismanoglu, et al. [12] attempted to predict the future value of a specific stock by analyzing primary

Journal of Studies in Science and Engineering. 2025, 5(1), 315-333. https://doi.org/10.53898/josse2025526 https://engiscience.com/index.php/josse


https://doi.org/10.53898/josse2025526
https://engiscience.com/index.php/josse

R. Jader and M. Abd, 2025 318

financial data related to the market's exchange processes. Furthermore, a methodology was proposed for
training and developing a knowledge base on a certain store, such as "IBM," by utilizing machine learning
technologies. Stock time series values are obtained by the authors from the New York Stock Exchange.
These numbers cover the period from 1968 to 2018. According to the results of their investigation, this
approach yields exceptionally accurate stock forecasts.

Huang, et al. [13] took advantage of the SVM technique to forecast the direction of the weekly move-
ment to investigate the degree to which the direction of financial movement may be predicted. A compari-
son is made between the performance of the SVM algorithm and that of Linear Discriminant Analysis,
Quadratic Discriminant Analysis, and Elman Backpropagation Neural Networks, as utilized by researchers,
to evaluate the accuracy of the SVM method's prediction capabilities. According to the findings, SVM
outperforms the other categorization methods. In addition, you should propose a combining model that
makes use of SVM in conjunction with the other classification algorithms. This combined model performs
the best out of all the other methodologies for prediction.

A study by Jader and Aminifar [14] discuss technical indicators for the stock market, mathematical
models, the algorithms most commonly used in the data science industry, various types of machine learning
algorithms, and a summary of potential solutions. Additionally, they aim to investigate several issues asso-
ciated with dynamic stock market prediction. This concept is based on the idea that reducing the risk of
investing in the stock market is closely tied to minimizing the number of forecasting errors.

In recent years, deep learning architecture such as Long Short-Term Memory (LSTM) networks and
attention mechanisms have gained prominence in financial forecasting due to their ability to model temporal
dependencies and focus on relevant inputs within sequential data. LSTM models, an extension of Recurrent
Neural Networks (RNN), are particularly effective for time series analysis because they can retain long-
term dependencies and mitigate the vanishing gradient problem. For instance, Chen, et al. [15] applied an
LSTM-based model to stock price prediction and found it to outperform traditional ML models like SVM
and Random Forest in terms of accuracy and temporal pattern recognition.

Moreover, the integration of attention mechanisms with LSTM networks has shown further improve-
ments in performance by dynamically weighting the importance of different time steps or features. This
approach helps the model "focus" on the most relevant parts of the input sequence when making predictions.
Studies such as Saberikia, et al. [16] have demonstrated that attention-enhanced LSTM models can more
effectively capture nonlinear relationships and market signals, leading to higher predictive accuracy and
improved robustness across volatile financial datasets.

These advanced models, such as LSTM networks and attention-based architectures, offer a promising
foundation for improving stock market forecasting. Their strength lies in modeling complex temporal rela-

tionships and dynamically focusing on the most relevant input features, which is particularly valuable in
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financial time series prediction. LSTM networks are effective at capturing long-term dependencies, while
attention mechanisms enhance the model's ability to weigh important patterns across time.

Although our current study emphasizes traditional machine learning models, such as AdaBoost and
SVM, due to their simplicity, interpretability, and strong performance on structured data, these models may
not fully capture the temporal dynamics, and sequential patterns often present in stock price movements.
They are effective in static classification tasks but cannot learn from the order and timing of events—an
important factor in financial time series forecasting.

As a result, future work could enhance this framework by incorporating models such as LSTM net-
works and attention-based architecture, which are specifically designed to handle sequential data and long-
term dependencies. These models can better adapt to shifting market conditions and uncover deeper patterns
across time, improving prediction accuracy. Such approaches are particularly promising for more complex
and volatile datasets, and they may provide richer insights into market behavior, ultimately enabling more

adaptive and responsive stock prediction systems.

Table 1. Summary table for literature review

Study ML Method Dataset Key Features Outcome
Nikou et al. (2019) LSTM, SVM, RF iShares MSCI UK Historical prices LSTM outperformed all
ETF (2015-2018) with lowest RMSE

Gurav & Sidnal (2018) SVM, Decision Trees Indian stock market ~ Technical indicators SVM  performed best
among tested methods

Chen et al. (2018) RNN-Boost Sina Weibo + Chi-  News sentiment, RNN-Boost showed supe-
nese market data tech indicators rior accuracy
He et al. (2007) K-means + Regression ~ US stock market Time-windowed Improved trend prediction
stock clusters accuracy
Our Study AdaBoost, SVM, RF, BSE (2015-2017) Gold, Oil, FX rates, = AdaBoost highest accu-
GB Market history racy (78.9%)
3. Background

In this segment of the research, four distinct machine-learning algorithms are examined and assessed
based on the accuracy and reliability of their outcomes, as presented in Jader and Aminifar [14] and Jader,
et al. [17]. The fundamental aim of machine learning is to enable systems to extract patterns and insights
from previously collected data without requiring explicit programming or manual intervention. A key as-
pect of this learning process is the iterative application of models to data sets, through which the algorithms
gradually improve their performance by identifying underlying patterns. This iterative process allows the
models to generalize and adapt to new, unseen data independently rather than relying solely on prior exam-
ples.

Central to effective machine learning is the principle of autonomous learning, where the system self-
directs its learning process by recognizing and internalizing patterns from data. This typically involves mak-
ing informed predictions or decisions about future data points based on historical trends and relationships

observed in the training data [18].
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When determining the most suitable machine learning strategy for a given task, one must often choose
between supervised and unsupervised learning approaches. This choice largely depends on the nature of
the data, specifically whether labeled data with known outcomes (ground truth) is available. Supervised
learning is generally used when such labeled data exists, whereas unsupervised learning is applied in sce-
narios where the data lacks predefined categories or labels.

More concretely, machine learning problems commonly fall into three broad categories: classifica-
tion, regression, and clustering [19]. Classification involves predicting categorical labels, regression deals
with forecasting continuous values, and clustering focuses on grouping similar data points without prior
knowledge of the categories. These foundational problem types guide the selection and application of ap-
propriate machine-learning techniques throughout the research [18].

The training of machine learning algorithms often involves the use of the three most frequent meth-
ods. There are three types of learning: supervised learning, unsupervised learning, and reinforcement learn-
ing. The most fundamental form of machine learning is the first one, which is called supervised learning.
Here, the machine learning algorithm is trained on labeled data. Even though the data must be adequately
labeled for this method to function, supervised learning is quite efficient when it is applied under the ap-
propriate conditions. Within the context of supervised learning, the machine learning algorithm is provided
with a miniature training dataset. A smaller portion of the larger dataset comprises this training dataset. It
contributes to the algorithm's ability to acquire a fundamental comprehension of the problem, the solution,
and the data points that need to be administered. Moreover, the second advantage of unsupervised machine
learning is that it can handle data that has not been labeled. This is a particularly useful feature. Instead of
relying on a predetermined and fixed problem statement, it can adapt to the data by continuously updating
hidden structures. This enables more post-deployment development than supervised learning techniques
do, particularly when compared to the former.

Additionally, the third one is known as reinforcement learning, which is directly influenced by the
way individuals learn from data in their everyday lives. It is equipped with an algorithm that is capable of
self-improvement and can learn from new situations through a process of trial and error. To implement
reinforcement learning, the algorithm is placed in a working environment that includes an interpreter and a
reward system. This approach, which is based on the psychological concept of conditioning, is effective.
The interpreter receives the output result of each iteration of the algorithm and then evaluates the outcome
to determine whether or not it is helpful. Four different machine learning algorithms are considered and

associated with one another based on the precision of their results [9, 20].

3.1. Support Vector Machines

The Support Vector Machine, also known as SVM, is a method of supervised machine learning that

can be applied to problems such as regression and classification. The SVM algorithm is founded on the
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statistical learning theory [14]. Additionally, if you can apply SVM for recognizing undetected samples.
There is a range of dimensions that are used to represent the data points. The SVM accomplishes the cate-
gorization in Figure 1; this hyperplane is responsible for dividing the various labels and generating them in
a space featuring several dimensions, making it the most accurate and effective method for categorization.

Given the gravity of the circumstance, it is necessary to reduce the vector as much as possible. It does
this by establishing a distinct decision boundary, which is analogous to the process of maximizing or opti-
mizing the margin spaces that exist between two classes or objects. This is done to obtain the response that
is optimal for the objective function. As presented in Figure 1.

A

v

Figure 1. Support vector machine algorithm
SVM aims to find the optimal separating hyperplane that maximizes the margin between two classes,

given a set of training data points.

The goal is to find a hyperplane defined as:

wix+b=0 ©)

where w is the weight vector, and b is the bias.

3.2. Random Forest

The random forest method has proven to be highly successful as a standard target regression and
classification method. In settings where the number of variables is much higher than the number of obser-
vations [21], the random forest approach, which merges several randomized decision trees and accumulates
their forecasts by averaging, as illustrated in the overall structure of random forest in Figure 2, has demon-

strated remarkable success. Furthermore, it is capable of handling large computing issues, is adaptable to a
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variety of single-task learning challenges, and provides customizable significance measurements [22].

Additionally, we can say that Random Forest is a machine learning technique that addresses classifi-
cation and regression issues using a combination of strategies. Decision Tree and Bagging or Bootstrap
Combination are used in this technique. As a result, it solves the problem of decision tree overfitting. The
diversity of high-inconsistency algorithms, such as decision trees, is reduced by bagging. A Random Forest
is a collection of unprocessed categorization and recession trees derived from divisions of a useful data set
[23].

The processes in this algorithm are as follows: The CART model is employed in each of the sub-
samples to produce the expected output based on the model, and samples of the training dataset have been
created [24]. To create a mixture of each model's projected outputs, the bagging or categorizing procedure
is utilized. As a result, the anticipated output using these processes has less prediction error than any indi-

vidual model [25].

Input

Tree 1
;.'. Y 't
Predic- Predic- () Prediction

\\//

Average all predictions

.

Random Forest Prediction

Figure 2. The general structure of a random forest method

3.3. Gradient Boosting

Gradient boosting methods are powerful machine learning techniques that have demonstrated con-
siderable success in a wide range of practical applications. They are extremely configurable to meet the
application's specific requirements, such as being trained on various loss functions.

Gradient Boosting is a type of gradient or increasing method by derivation that teaches patterns sequen-
tially. The cost purpose is regularly reduced or optimized with each new model, and the model error will

approach zero, as shown in Figures 3 and 4. On the boosting gradient, imagine a uniform distribution, for

L1 . . .
example, of m1, which is - for all n observations. Next, the process operation according to these stages [25]:
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Step 1: Select the original opinion.

Step 2: Compute the pseudo residuals.

Step 3: Predict the pseudo residuals.

Step 4: Create a prediction and calculate the residuals.
Step 5: Get a second prediction.

Step 6: Next Iteration.

Prediction (Iteration 1) Residuals vs. x (lteration 1)
E] grfem?
E W—J. o =
=4 m
~ 10 - 3 Ve o
> o oi’e &1 Mg
-10 wo N
0 20 0 0 20 )
X x
Prediction (Iteration 2) Residuals vs. x (Iteration 2)
[t
™ 20 1 m wl
u ﬁ h =
> g ey
= - o [ ] afo?
o0 o 2 Fmo &'on
.ﬁ
0 20 a0 0 20 40
x xX
Prediction (Iteration 3) Residuals vs. x (lteration 3)
10 ete=2

y/y_pred
s 3
E
Residuals
3

Figure 3. Visualization of gradient boosting prediction (First 4 Iteration)

3.4. AdaBoost and RNN Techniques

Recurrent neural networks (RNN) are the character of the design algorithm for succeeding data and
are used by two big companies, Google for Google's voice search and Apple for Apple's Siri. It is one of
the first algorithms that retains all its input data, which enables it to perform well for machine learning
problems that require sequential information.

RNN is often used for the time series prediction tasks. It is regarded as a recurrent method because it
performs the same task for every part in a series, and the current result or output depends on the past cal-

culations [15].
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Prediction (Iteration 18) Residuals vs. x (Iteration 18)
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Figure 4. Visualization of gradient boosting prediction (18™ to 20 Iteration)

Adaboost, also known as adaptive boosting, is one of the most effective strategies. To begin, regres-
sion and classification are two areas that can both benefit from the application of robust boosting techniques.
The result is a powerful classifier that is created by combining some comparatively weak classifiers. The
goal of adaptive boosting is to make accurate predictions based on the current data obtained by assigning
an equal weight to each feature. A greater amount of weight is given to inaccurate observation if the data
forecast is incorrect. Until there are no more mistakes, the iteration will continue continuously. The princi-
pal forecast is generated through the application of a fundamental algorithm. It is possible to anticipate the
result by determining the weighted mean of any classifier. This is because the weights are generated based
on incorrect earlier predictions and then revised later. One example of a model that projected a price based

on the impact of social media news and previous stock data is presented in Figure 6.

4. Methodology
Before model training, the dataset underwent several preprocessing steps to enhance consistency and
optimize learning performance. A key part of this process was normalizing numerical features to eliminate

the impact of differing value scales across variables, such as commodity prices, foreign exchange rates, and

historical BSE data.
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Figure 6. Prediction model created by AdaBoost vs. RNN technique

Two normalization techniques were applied:
a) Min-Max Normalization

For models sensitive to input scales, we applied min-max normalization to transform each feature
into a bounded range of [—3, 3]. This was calculated as:

x’=(M>x6—3 3)
Xmax ~— Xmin

This transformation preserved the distribution of the original data while rescaling it to a fixed interval,
improving convergence during training.
b) Z-Score Normalization (Standardization)

In a separate preprocessing configuration, especially for models like SVM and Gradient Boosting,

we also tested z-score standardization, which rescales data based on the mean and standard deviation:

() 8

o

This method centers the data around a mean of 0 with a standard deviation of 1, which can be bene-
ficial when features exhibit different variances.

The choice between normalization methods was guided by empirical performance during model tun-
ing. Both techniques helped reduce the dominance of high-scale variables and ensured numerical stability
in training. The dataset was then split chronologically, maintaining the temporal structure of the data to
prevent data leakage and preserve predictive integrity. Two train-test split configurations were used: one
with 90% of the data for training and 10% for testing and another with 70% for training and 30% for testing,
enabling robustness checks across varying data proportions.

The machine learning models, Random Forest, Support Vector Machine (SVM), Gradient Boosting,
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and Adaptive Boosting were implemented using Python and relevant open-source libraries (e.g., Scikit-
learn). Each model was trained using the normalized feature set, and hyperparameters were tuned empiri-
cally. Classification output was binary: a predicted label of +1 for an upward trend and —1 for a downward
trend in stock prices. Model performance was evaluated using accuracy metrics across both training and
test sets. Among the tested methods, Adaptive Boosting consistently demonstrated superior accuracy,

achieving 78.9% with 90% training data and 76.7% with 70% training data.

4.1. Feature Selection and Justification

The selection of input features was guided by both domain knowledge and empirical correlation anal-
ysis, to improve prediction accuracy while maintaining model interpretability. The features incorporated
into the machine learning models include:

e Commodity Prices: Gold, silver, and crude oil prices were selected due to their well-established impact
on market sentiment, inflation, and industrial costs, particularly in energy-dependent economies such
as India.

e Foreign Exchange Rate (INR/USD): The exchange rate was included as it directly affects multinational
companies, import-export dynamics, and foreign investment inflows, which in turn influence stock
prices.

e Historical Stock Data: Key indicators such as daily opening, high, low, and closing prices were used to
capture short-term market momentum and volatility trends.

Additionally, we conducted Pearson correlation and covariance analyses to empirically assess the
relationship between each feature and market movement (BSE trend). Results are presented in Table 3,
where gold prices showed the highest positive correlation (+0.75) with BSE trends, followed by crude oil
and exchange rates, which exhibited negative correlations consistent with expectations for emerging mar-
kets. By combining expert-guided selection with quantitative correlation checks, we ensured that only the
most relevant and non-redundant features were included, thus improving model efficiency and reducing the
risk of overfitting.

To predict the Bombay Stock Exchange, the primary objective of this article is to make use of several
characteristics as data features. These characteristics include the values of commodities, the market's his-
tory, and the foreign exchange rate (BSE). Because these input attributes were continuous values spanning
a variety of ranges, they were normalized within the range of [-3] and [3] to facilitate the classification
process. Each of the input characteristics can have both positive and negative values, this is the situation.
The purpose of this study is to examine and contrast the results obtained by each of the machine learning
algorithms that were presented in the article. To reflect the negative or positive impact on the stock market,
the outcome derived from each model is either a value of 1 or a negative value of 1. The representation of

the suggested model is shown in Figure 7.
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Figure 7. The proposed model

4.2. Effectors Element on Market

4.2.1. History of Market

Historical information for two years from 2015 - Jan to 2016 - Dec was collected. This historical
information was not directly used in the prediction model. After using the model, it retains historical infor-
mation that was used for training data, such as the effectors' elements, including changes in the opening

market price, small amounts, changes in stock sizes over the period, and high prices.

4.2.2. Commodity Price

The price difference of several features like silver, gold, and crude oil directly affects the total change

of the stock prices of the market.

4.2.3. Foreign Exchange

Foreign exchange plays a significant role in determining market efficiency, especially in emerging
economies where currency fluctuations can directly impact trade, investment, and corporate earnings. In
our study, foreign exchange, along with the other selected influencing factors, is used as a key input feature
in the predictive model. All these variables are collectively processed to generate a binary output represent-
ing market movement: [+1] for a positive price trend and [—1] for a negative price trend. Specifically, the
INR/USD exchange rate is included as a continuous input across all observations, reflecting its influence
on market volatility and investor sentiment. The relationship between the input features and the resulting

market prediction is visualized through the variation patterns illustrated in Figure 8.

4.3. Implement of Each Algorithm

Data of various qualities were collected and modified to be used as input data for the model. The
output of this model is +1. This production depicts a positive market, indicating an increase in BSE prices,
as well as a negative market, indicating a decline in BSE prices. Four alternative algorithms were used in
the simulation, and the precision of each didactic and experimental separation approach was determined.
In this method, the data is split into training and test data. The training set contains the output material, and
the model learns from it so that it may be extended to new data in the future.

The applied machine learning methods were successfully implemented on a dataset downloaded from

Data of 9 months from Jan 2017 to Sept 2017 in efficiency or accuracy for each model computed by various
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data for training and testing dataset. It was obtained using the random forest method, with an accuracy of
68.4% on the training set and 73.0% on the test set. For the support vector machine, the obtained accuracy
was 78.9% for 90% training and 73% for 70% training. The accuracy obtained by the gradient boosting
method was %78.9 for % 90 training and %73.2 for 70% training. Finally, for the adaptive boosting method,

the obtained accuracy was 78.9% on the training data and 77% on the test data. Also, as shown in Table 2.

40
memm  Crude Oil
30 BSE
Gold
20 = Silver
msm USD INR
10 mmm Prediction From Historical Data
0
-10
-20

0 25 50 75 100 125 150 175

Figure 8. Variation between input and output features

Table 2. Accuracy of each machine learning algorithms based on different rates of training and test data

Dataset used for holdout data
Machine learning algorithms

(%) Training set (%) Test set (%) Accuracy
. . 90 10 78.9
Adaptive Boosting
70 30 76.7
. ) 90 10 78.9
Gradient Boosting
70 30 73.2
) 90 10 78.9
Support Vector Machine
70 30 73
90 10 68.4
Random Forest
70 30 67.8

The study calculated the association and covariance between the various characteristics and market
efficiency. Correlation and covariance are used to characterize the feature's resultant dependence, which is
shown in Table 3.

We employed Grid Search with 5-fold cross-validation for each model. The following parameter
ranges were explored:

e AdaBoost: n_estimators =[10, 50, 100], learning_rate = [0.01, 0.1, 1.0]
e Gradient Boosting: n_estimators =[50, 100], max_depth = [3, 5], learning_rate = [0.05, 0.1]
e SVM: C=10.1, 1, 10], kernel = ['rbf, 'linear'], gamma = ['scale', 'auto']
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¢ Random Forest: n_estimators = [50, 100], max_depth = [None, 10, 20]

Table 3. Correlation and covariance of different features and market efficiency

S. No Features Correlation Covariance
1 Oil Rate —0.7 451 —102579.41
2 Gold Rate 0.75 293 16781.41

3 Silver Rate —0.2 866 —114.30

4 Foreign Exchange Rate -0.8 961 —698.39

For a deeper understanding of the correlation between features used in models, as shown in Figure 9,
a scatter plot illustrates the correlation between various features to identify the structured relationship be-

tween multiple features and market efficiency.
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Crude Oil
USDINR \ :
- D %
s | [
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Gold Silver Crude Oil USDINR BSE

Figure 8. Variation between input and output features

4.4. Algorithm Implementation Details

To optimize model performance and avoid underfitting or overfitting, we conducted a comprehensive
grid search using 5-fold cross-validation for each machine learning algorithm. The grid explored combina-
tions of parameters based on standard guidelines and prior work in financial time series prediction. The

following outlines the reasoning for each model's parameter choices:
Random Forest Classifier:

e n_estimators=100

e max_depth=None

e  criterion='gini'

e random_state=42
Support Vector Machine (SVM):

e Kernel: 'rbf
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e C=1.0
e gamma='scale'
Gradient Boosting Classifier:
e n_estimators=100
e learning rate=0.1
e max_depth=3
e  subsample=1.0
AdaBoost Classifier:
e n_estimators=50
e Base estimator: DecisionTreeClassifier(max_depth=1)

e learning rate=1.0

All hyperparameters were selected through a combination of empirical tuning and a systematic grid
search strategy, conducted within a 5-fold cross-validation framework on the training data. This approach
ensured that the models were not only optimized for performance but also generalizable to unseen data.
Grid search allowed us to evaluate multiple combinations of parameters for each algorithm, while cross-
validation provided a robust estimate of model stability and helped prevent overfitting. The final parameter
configurations were chosen based on the best-performing results across folds, prioritizing metrics such as
accuracy, precision, recall, and F1-score. These evaluation metrics offer a more comprehensive understand-
ing of model performance, especially in binary classification tasks involving imbalanced or noisy financial
data. The complete set of performance results, including the selected parameters and their associated met-

rics, is presented in Table 4 for comparative analysis:

Table 4. Accuracy, precision, recall and F1-Score metrics for our models

Model Accuracy Precision Recall F1-Score
AdaBoost (90/10)  78.9% 0.80 0.78 0.79
SVM (90/10) 78.9% 0.77 0.76 0.76
Gradient Boosting  78.9% 0.78 0.77 0.77
Random Forest 68.4% 0.69 0.67 0.68

5. Discussion

The results of our experiments, as summarized in Table 2 and Table 4, demonstrate that Adaptive
Boosting (AdaBoost) consistently outperformed other machine learning models in terms of accuracy and F1-
score. This finding aligns with previous research by Gurav and Sidnal (2018), who found AdaBoost and SVM
to be the most effective classifiers for financial prediction tasks involving technical indicators. Similarly, our

results reinforce the claims made by Chen et al. (2018) that ensemble methods can outperform traditional
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classifiers due to their ability to capture non-linear patterns in volatile datasets.

AdaBoost's superior performance in our study can be attributed to its iterative weighting mechanism,
which emphasizes misclassified instances during training. This enables the model to progressively focus
on more challenging cases, thereby improving the classification boundaries. In contrast to models like Ran-
dom Forest or SVM, which treat all instances with equal importance, AdaBoost adapts its learning process
to the underlying data distribution, making it particularly effective in noisy or imbalanced datasets such as
financial time series.

Another reason for AdaBoost's effectiveness lies in its combination of multiple weak learners, typi-
cally shallow decision trees, which individually may have limited predictive power but collectively produce
a robust classifier. This ensemble effect helps reduce both bias and variance, enabling the model to gener-
alize better to unseen data.

From a real-world perspective, the robustness and high accuracy of AdaBoost suggest its applicability
in automated trading systems, risk assessment frameworks, and portfolio optimization tools, where quick
and reliable directional market predictions are crucial. Its ability to incorporate a variety of financial indi-
cators (such as commodity prices and FX rates) and adapt to changing market conditions makes it suitable
for deployment in emerging markets, where data may be more volatile and less structured compared to
mature financial environments.

Furthermore, our correlation analysis revealed that gold prices had the strongest positive association
with BSE performance. This observation is consistent with a study by Nikou et al. (2019), which also
highlighted the predictive importance of commodity indicators in emerging economies. By integrating eco-
nomically relevant variables into our AdaBoost framework, we not only improved model performance but
also enhanced interpretability, offering insights that can inform both algorithmic strategies and human de-
cision-making.

In future work, integrating adaptive boosting with deep learning models, such as LSTM networks or
hybrid attention-based systems, may further enhance the model's temporal sensitivity and predictive capa-

bilities. This could bridge the gap between explainability and complexity in financial forecasting models.

6. Conclusion

This study demonstrated that among the evaluated machine learning models, Adaptive Boosting
(AdaBoost) consistently delivered the most accurate stock market predictions, as reflected in its superior
accuracy, precision, and F1-score metrics. The strong performance of AdaBoost underscores the effective-
ness of ensemble methods in capturing complex, non-linear relationships within financial time series data.
By incorporating a diverse set of macroeconomic and market-related indicators, the analysis revealed that

gold prices exhibited the strongest positive correlation with stock market efficiency, highlighting their value
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as a predictive input, particularly in emerging markets like India.

These findings emphasize that both the selection of an appropriate machine learning algorithm and
the inclusion of economically relevant features are critical to achieving high forecasting accuracy. The
integration of robust ensemble models, such as AdaBoost, with carefully engineered feature sets signifi-
cantly enhances the performance and reliability of predictive systems. This research offers practical insights
and guidance for financial analysts, institutional traders, and investors aiming to leverage machine learning

techniques for more informed, adaptive decision-making in dynamic and volatile market environments.
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