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Abstract. This study thoroughly investigates the effectiveness of numerous data science techniques 
in forecasting trends inside the US stock market using a wide range of machine learning (ML) and 
deep learning (DL) approaches. Among the investigated techniques are decision trees, random 
forests, long short-term memory networks (LSTM), and support vector machines (SVM). The study 
underlines both the benefits and drawbacks of every model in real-world settings by means of 
numerous comparisons, therefore evaluating its predictive capability. The results show that although 
simpler models such random forests and decision trees have a degree of interpretability and are 
easier for investors to understand, they frequently fail to portray the complexity of market behavior. 
On the other hand, creative models like LSTMs and fusion techniques show shockingly great 
capacity to analyze and predict complex market processes, so far much above conventional 
approaches. For legislators seeking improved knowledge of market behavior and trends as well as 
for investors seeking portfolio optimization, these findings have major ramifications. By means of 
improved prediction models, stakeholders can make better judgments, so enhancing possibly 
financial returns. At last, this study provides perceptive analysis that enhances our ability to project 
on the always shifting terrain of the financial markets. 
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1. Introduction 

Reflecting macroeconomic conditions, company performance, and investor attitude, the stock 

market is the main indicator of the status of the economy. Policymakers, financial experts, and 

investors all depend on accurate trend forecasts of the stock market. Apart from leading one to make 

reasonable investment decisions, it supports the stability and efficiency of financial markets [1]. Big 

data and machine learning (ML) and deep learning (DL) technologies have transformed the way stock 

market projections are handled. Often unable to capture the complexity and nonlinearity of market 

dynamics, conventional methods combining fundamental and technical analysis [2] have lately been 

used more and more depending on data-driven approaches to stock market prediction. Using large 

volumes of past data, these techniques combine several elements like price swings, transaction 

volume, and even outside variables such as social media mood and economic figures [3]. This study 

evaluates several ML and DL methods including decision trees, random forests, support vector 

machines (SVM), and long short-term memory networks (LSTM) to estimate stock market trends, so 

assessing numerous ML and DL strategies. The aim of the study is to find, by means of model 

performance comparison, ideal strategies and methods for exact prediction. 

This work is significant outside of academic study as well. Accurate prediction models assist 

investors to lower risks, improve portfolio management, and raise general returns [4]. Moreover, by 

means of more efficient markets, using advanced algorithms in trading systems helps hedge funds 

and financial companies. Moreover, by raising awareness of market behavior, especially in 

challenging economic times [5], the results of this research help legislators to direct their decisions. 

2. Research Problems and Their Significance 

The main question this work addresses is how effectively different machine learning (ML) and 

deep learning (DL) systems estimate stock market movements. Accurate projections can lead to large 

economic benefits; hence stock market prediction has long been a focus of interest for legislators, 



Highlights in Business, Economics and Management EMFRM 2024 

Volume 45 (2024)  

 

957 

analysts, and investors. Accurate forecasts help investors make decisions on trading strategies, risk 

management, and asset allocation, so reducing financial losses and raising the return opportunities. 

This research subject is significant as, in complex and erratic markets, even little variations in 

predicted accuracy can have significant financial advantages [1,4]. 

Furthermore, the research examines and explores implications for the Efficient Market Hypothesis 

(EMH), according to which asset values entirely reflect all the pertinent information. Should any ML 

or DL model frequently outperform market expectations, it would suggest the presence of maybe 

exploitable inefficiencies. Such findings could redefine our understanding of market efficiency and 

initiate new debates on financial theory [6]. This feature of the research is especially important since 

it challenges fundamental presumptions in economics and finance, so offering fresh possibilities for 

theoretical inquiry as well as useful applications. 

Apart from its applicability for individual investors, this study also affects the financial technology 

(fintech) sector in general. Fintech depends on sophisticated algorithms that can instantly evaluate 

enormous volumes of data and provide real-time actionable insights for banks and hedge funds among 

other financial institutions. More accurate prediction models could greatly expand the features of 

fintech products, thereby allowing institutions to provide more original and tailored financial services. 

By offering insights on which predictive models are most efficient and by raising optimum methods 

for their application in financial decision-making, this study aims to contribute to the already 

expanding area [5]. 

Lastly, this study is policy relevant since better understanding of market behavior via enhanced 

prediction models helps authorities and legislators, especially in difficult economic times. More 

accurate forecasting models, for instance, could enable regulators to identify early signs of financial 

crises or understand how outside events, including geopolitical developments or changes in economic 

data, impact the market. Combining these elements with conventional market data will help to present 

a more complete picture of stock market dynamics, thereby giving legislators efficient instruments to 

support stability and lower risks [3]. 

3. Research Framework and Methodology 

This work utilizes a research framework aimed to give a systematic approach for data collecting, 

preprocessing, feature engineering, model training, and evaluation. This all-encompassing framework 

specifies the dependability and correctness of the research results. Initially, data will come from 

reliable financial databases including past stock prices, relevant economic statistics (such as GDP, 

inflation, and unemployment rates), and sentiment data from social media and financial news [2,7]. 

This multi-source data collecting enhances the dataset and consequently strengthens the prediction 

capacity of the models by integrating numerous factors that might influence stock prices. 

After data collecting, it is substantially preprocessed to address issues such missing values, 

duplicates, and outliers that may otherwise skew the model's predictions. Data normalization and 

scaling especially help to guarantee that all features have the same scale, therefore increasing the 

performance of machine learning algorithms [4]. Following data purification and normalisation, the 

data is split into training, validation, and test sets therefore enabling objective model evaluation and 

guaranteeing that the performance of the model is not depending just on the training data [8]. 

Since it turns unprocessed input into features increasing the expected accuracy of the model, 

feature engineering is essential component of the approach. Important methods used in this work are 

the sentiment score extraction from news items and social media [9], the computation of technical 

indicators (such as moving averages and momentum metrics), and the inclusion of lagged data to 

propose temporal relationships [9]. These properties enable models to more precisely show 

complicated interactions inside the data, therefore helping the dataset to be more useful. Moreover, 

included in the studies are macroeconomic announcements or earnings releases, which could affect 

stock prices and offer better understanding of market dynamics [3]. 
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Using processed data, following feature engineering, random forests, support vector machines 

(SVM), long short-term memory networks (LSTM), and decision trees are trained. Every model is 

closely investigated depending on accuracy, precision, recall, and other performance criteria [1,5]. 

This method guarantees a complete comparison of model performance, thereby enabling the research 

meant to find the best models for stock market prediction. 

4. Model Comparison and Analysis 

This part of the paper investigates many ML and DL models for stock market prediction the merits, 

limits, and particular uses. Although decision trees overfit readily on challenging financial data, they 

are plain and understandable. The openness of this method helps customers to grasp the logic 

underlying every forecast. However, as they generally suffer with generalizing [2], decision trees are 

less suitable for forecasting complicated stock market patterns in high-dimensional settings. 

Random forests improve on decision trees by grouping many trees each trained on a random subset 

of the data. This combined approach reduces overfitting and increases stability over many data points, 

hence enhancing resilience. Furthermore, providing information on feature relevance, random forests 

enable analysts to identify the most influential variables in stock price prediction [7]. Notwithstanding 

these benefits, random forests might be computationally demanding, particularly in big datasets or 

many trees in the ensemble, which would limit their practical usefulness in real-time predictions [5]. 

Good for handling high-dimensional data, support vector machines (SVM) fit financial 

applications including many variables involved. Especially using appropriate regularizing techniques, 

SVMs are well-known for their resistance to overfitting. By means of kernel functions, the model 

becomes even more flexible in controlling nonlinear interactions, hence enhancing its adaptation to 

demanding datasets [8]. Nevertheless, SVMs are computationally demanding and their performance 

can be sensitive to hyperparameter choice, so their implementation in contexts with limited resources 

can be difficult. 

Crucially for stock market prediction, long term memory (LSTM) networks are made to capture 

long-term dependencies in time-series data. Since LSTMs preserve information from past time steps, 

enabling more accurate trend predictions [3,6], they are especially helpful for modeling sequential 

data. But LSTMs' complexity makes them computationally demanding, and given limited data 

especially they are prone to overfitting. The work uses regularizing methods including dropout to 

solve these constraints [9]. The fusion model, which combines the strengths of random forests and 

LSTMs, offers enhanced predictive power by leveraging the robustness of ensemble learning with 

the temporal modeling capabilities of LSTMs, though it requires substantial computational resources 

[4]. 

4.1. Decision Trees 

Simple but effective for both classification and regression problems are decision trees. By 

iteratively separating the dataset depending on the most important attributes, they build a tree-like 

structure that supports decision-making. 

Advantages: Non-experts can access decision trees by their simple interpretation and visual appeal. 

This openness helps consumers to grasp the logic underlying forecasts. Since they are invariant to 

monotonic transformations of the features [3], decision trees do not need feature scaling. Naturally 

handling both numerical and categorical data, decision trees are flexible in many uses. 

Limitations: Particularly with complicated datasets like stock market data, one of the main 

disadvantages of decision trees is their inclination to overfit the training data. Reduced prediction 

accuracy [2] follows from poor generalization to new data arising from overfit. Little variations in 

the data can produce somewhat distinct trees, which could affect the dependability of the model. 

Notwithstanding their restrictions, decision trees can provide a good starting point for comparison 

with more complex systems. In stock market prediction, they help to pinpoint main causes of price 

swings. 
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4.2. Random Forests 

By assembling several trees, random forests enhance upon decision trees. Every tree is trained on 

a random subset of the data; average results of all trees produce predictions. 

Advantages: Random woods' ensemble character helps them to be strong against overfitting. They 

keep accuracy with missing values and manage high-dimensional data. Random forests help 

practitioners to grasp feature importance, so guiding their choice of which factors most influence 

forecasts. This can direct next investigations and model optimization. Random forests lower variation 

and increase general model performance by averaging the predictions of several trees. 

Limitations: Particularly in relation to big datasets and many trees, random forests can be 

computationally demanding. While feature importance is derived, the general model stays less 

interpretable than a single decision tree. Random forests find extensive application in finance for 

several prediction purposes, including credit risk assessment and stock price forecasting. Over a 

spectrum of datasets and settings, they have displayed good performance [8]. 

4.3. Support Vector Machines (SVM) 

Powerful classifiers, support vector machines search for the best hyperplane separating several 

classes in high-dimensional space. 

Advantages: SVMs are excellent for stock market prediction activities with many attributes since 

they shine in managing complicated and high-dimensional data [3]. Particularly in high-dimensional 

environments, effective regularizing methods help SVMs to be less prone to overfitting. SVMs are 

flexible in many uses since their effective modeling of nonlinear relationships made possible by 

kernel functions helps them in several fields. 

Limitations: SVMs' computational complexity can be disadvantageous for working with big 

datasets. Training SVMs calls for large computational resources, especially in view of complex 

kernels [1]. Adding still another degree of difficulty for its use, hyperparameter tuning and kernel 

function choice defines SVM performance optimization. 

Among other financial prediction chores in classifying market trends and projecting stock price 

fluctuations, SVMs have proved helpful. Their mastery of intricate relationships makes them valuable 

in dynamic marketplaces. [4]. 

4.4. Long Short-Term Memory Networks (LSTM) 

One type of recurrent neural network meant mostly to find long-term dependencies in sequential 

input is long short-term memory (LSTM). Time series forecasting especially benefits from them since 

their design lets them retain knowledge over long periods. 

In financial time series data, LSTMs can show complex trends and patterns, therefore offering 

good capture of both short-term and long-term dependency [2]. Designed particularly for sequential 

data, LSTMs might learn from past sequences and create predictions applying taught patterns. 

Combining LSTMs with different neural network architectures including convolutional layers helps 

to improve their forecasting capability. 

LSTMs could be computationally intensive and depend on large volumes of data for effective 

training. LSTM network complexity guides one to decide on longer training periods [2]. Another 

problem is overfitting, particularly in circumstances when the model is rather advanced for the data. 

Dropout and other regularizing methods allow one to reduce this risk. LSTMs regularly anticipate 

stock market patterns better than more conventional techniques, according to research. Their high 

candidacy for activities on stock market prediction stems from their ability to learn from sequential 

data [1]. 

4.5. Fusion Model 

Leveraging the temporal modeling powers of LSTM networks, the fusion model merges the 

strengths of random forests and LSTMs using the robustness of ensemble learning. 
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Adventures: Combining the forecasts of several models reveals that the fusion model is more 

accurate and stronger than any single model. This approach makes use of the complementary 

strengths of many approaches, therefore enhancing the prediction performance. Combining different 

models will produce reduced total prediction error since the strengths of one model can offset those 

of another. 

The complexity of the fusion model may make application and interpretation more challenging. 

Moreover, instruction of such models could be computationally demanding. Often the availability of 

large and diverse datasets defines the effectiveness of fusion models. Not enough data could damage 

their performance. In many different disciplines, including finance where they might offer improved 

predictive powers in stock market forecasting, fusion models have showed potential. Their 

application in high-stakes trading surroundings emphasizes their importance in enhancing decision-

making [2]. 

5. Experimental Results 

Examining accuracy, recall, precision, and F1 score, the part on experimental data offers a whole 

picture of every model's performance. With lesser datasets, the decision tree model shows sufficient 

interpretability and performs satisfactorily. Its propensity to overfit with complicated, high-

dimensional data makes it less successful still for good financial predictions [1]. Conversely, 

especially in financial environments where data complexity is somewhat large, random forests show 

great stability and accuracy. Since it can manage missing values and offer feature importance insights, 

this approach is thus notably more suitable for pragmatic uses [7]. 

Especially with high-dimensional financial data, support vector machines (SVMs) exhibit 

performance in difficult categorization tasks. Their computing needs, especially in connection to 

bigger datasets, can be exorbitant; consequently, their employment in real-time trading situations 

should be restricted [8]. Despite these restrictions, correct calibration helps SVMs to be very precise; 

hence, they are valuable in high-stakes forecasts when absolute correctness is of major relevance [5]. 

Designed for sequential data, LSTM networks shine at identifying time-dependent patterns—

patterns needed for market trend prediction. Even if they need significant preprocessing and computer 

resources, their versatility to display both short-term and long-term interdependence makes them 

especially appropriate for this use [2]. Combining the strengths of both methods produces the best 

overall performance from the fusion model—which aggregates LSTMs and random forests. This 

model not only improves accuracy but also lowers prediction mistakes, therefore underscoring the 

advantages of combining models for best resilience and accuracy [10]. 

6. Conclusion 

The study underlines the effectiveness of numerous data science methods in stock market trend 

prediction. LSTM networks remarkably mimic time series data and capture both long-term and short-

term interdependence. In short-term forecasts and high-dimensional data processing, random forests 

shine. Regarding accuracy and resilience, the fusion model amply shows benefits and provides 

insightful analysis for next development of sophisticated stock market prediction models. 

This study yields some quite significant results. Predictive performance is highly influenced by 

the model choice. Although simpler models like decision trees and random forests may still be 

beneficial circumstances, especially where interpretability and speed are given top priority, even if 

LSTMs and fusion models have proven better performance. 

Any prediction model's performance is much correlated with the quality of the used features. 

Modern feature engineering methods improve model performance greatly by including sentiment 

analysis and technical indicators. 
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