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Abstract. Stock index forecasting has been an essential indicator of market 
research since the emergence of financial analysis. Its concept encompasses 
many dimensions, such as investment decision-making, risk control, and policy 
evaluation. In recent years, with the rapid development of artificial intelligence 
and big data models, machine learning and deep learning algorithms have 
gradually become some of the hot tools for market research. This paper 
summarizes the current literature on machine learning research in stock index 
forecasting, including traditional machine learning models, deep learning
models, and their hybrid models. It is concluded that traditional machine learning 
models work well for small-scale, high-quality data; deep learning models, which 
are good at dealing with nonlinear problems and long-term predictions, have 
better performance. However, due to the complexity introduced by market noise, 
investor sentiment, and other factors, achieving a stable and precise forecast 
remains challenging. Through full digests of the existing literature and findings, 
this paper points out the limitation of current research and proposes the direction 
of further improvement, including exploring multi-data fusion approaches and 
establishing risk-oriented modeling frameworks. 
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1 Introduction 

The stock market, based on a couple of objective analyses, shows not only the
performance of the economy but also the psychology of investors. The stock index 
should demonstrate one of the utmost levels of significance in terms of determining 
market trends. In general, a stock index is normally constructed using a pool of
representative stocks that are weighted according to market value or market price. 
Notably well-known stock indexes include the S&P 500 Stock Market Index, the Dow 
Jones Industrial Average Stock Market Index, and finally the Shanghai Stock Market 
Index. 

Stock indices demonstrate more stable market performance compared to individual 
stock prices. In other words, if a stock price can be affected by specific events like 
incompetent management choices or transient financial disturbances, after aggregation 
in an index, these irregularities are dampened. In fact, individual stock indices would 
prove to be much more dependable targets for research in studying macroeconomic 
trends, risk-related issues, or investment moods in their studies. In other words, an 

© The Author(s) 2026
K. Subramanian (ed.), Proceedings of the International Workshop on Advances in Deep Learning for Image
Analysis and Computer Vision (IWADIC 2025), Advances in Computer Science Research 128,
https://doi.org/10.2991/978-94-6239-648-7_61

https://doi.org/10.2991/978-94-6239-648-7_61
http://crossmark.crossref.org/dialog/?doi=10.2991/978-94-6239-648-7_61&domain=pdf


   

 

 

 
 

 

 

556             X. Huang

index assists the researchers in understanding not only market movements but also
interactions between flows of investors’ behavior influenced by economic forces. 

In earlier academic literature related to stock index prediction, traditional statistical 
methods based on models like Autoregressive Integrated Moving Average (ARIMA) 
or Multiple Regression Models performed well. But these models are not efficient when 
used to model stock market data due to its non-linear characteristics. In fact, traditional 
models are unsuccessful in handling volatility in financial data [1]. 

With increasing computational power and availability of data resources, machine 
learning techniques are gradually introduced into finance. Unlike conventional
approaches based on pre-defined formulas with rigorous statistical methods, machine 
learning algorithms learn directly from data resources to detect hidden patterns and 
complex relationships autonomously [2]. SVM, RF, and XGBoost are three of the most 
advanced algorithms in feature selection and classification tasks [3][4]. 

Taking into account these developments, the aim of this paper is to offer a complete 
analysis of recent advances made in using machine learning and deep learning to
forecast stock indexes. Based on a comparison made concerning these two
methodologies' structures, requirements, and accuracy, there are currently challenges 
for future studies. 

2 Method 

The advances in methods of stock index forecast mirror how financial modeling has 
moved from hand-crafted statistical formulae to data-driven, adaptive systems. Recent 
research generally categorizes these approaches into three folds: traditional machine 
learning models, deep learning models, and hybrid or multi-factor models. Each of 
these categories offers a different set of advantages, limitations, and insights into the 
possible or impossible nature of market predictions. 

Along with improvements in computational power and data availability, machine 
learning methods have slowly infiltrated financial domains. Different from traditional 
models based on fixed formulas and strong statistical assumptions, machine learning 
models learn directly from data and can automatically detect hidden patterns and
complex relationships [2]. Among them, SVM, RF, and XGBoost are some of the most 
powerful feature-selecting and classification algorithms [3][4]. 

However, machine learning methods also have their requirements and limitations 
concerning data. Most algorithms need a huge amount of clean and well-labeled data 
to make their results stable. When the dataset is very small or very noisy, models easily 
overfit historical patterns and lose their generalization power. Poor feature design is 
another critical factor: poor feature selection often leads to biased results, regardless of 
the algorithm used. Especially deep learning models, which require more extensive 
datasets and computational resources. They are performing best when the training data 
captures long-term dependencies, but they can struggle with missing values, limited 
samples, or abrupt market shifts [5]. With the discovery of deep learning, researchers 
started applying architectures like RNNs and LSTMs for modeling temporal
dependencies in market behavior. Fischer and Krauss showed that LSTMs outperform 
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traditional models in predicting stock index trends, particularly with longer sequences 
[6]. However, from the efficiency theory perspective, a truly efficient market, as argued 
by Hou et al., already has the price reflect all information about it. So, historical data 
alone cannot identify prediction strategies that would systematically beat the market in 
a long-term perspective [7]. As a result, machine learning appears to be considered not 
as a key to "beat the market," but a tool for uncovering hidden structure, improving 
interpretability, and aiding decision-making in conditions of uncertainty [8]. In
practice, its greatest value may well lie in helping investors and policymakers identify 
risk factors, or shifts in sentiment, or anomalies which traditional models could miss, 
rather than perfect forecasting. 
2.1 Traditional Machine Learning Method 

More traditional machine learning models represent the first major jump away from 
classic econometric analysis to automated data learning. Probably, the most widely 
applied are support vector machines and artificial neural networks. These models
normally assume technical indicators such as moving averages, the Relative Strength 
Index, or momentum measures to predict in which direction an index will move up or 
down. Kara concluded that SVMs performed well even with limited samples,
maintaining stability in the classification accuracy of their models, where other models 
could not perform as well [3]. Later, ensemble learning methods such as Random 
Forests (RF) and Gradient Boosting Trees (XGBoost) were developed to improve
prediction by combining multiple weak learners. They handle nonlinear patterns well 
and resist overfitting, which is particularly important for noisy financial data [4]. These 
models are valued for their interpretability—researchers can evaluate feature
importance—and for their efficiency in training. As a result, RF and XGBoost have 
become standard baselines in empirical finance research [2][4]. 

However, there are some Achilles' heels with most classical models. First, their 
performance is highly sensitive to the quality and relevance of features manually
engineered. Since the financial markets keep evolving, such static indicators may fail 
to represent newly emerging dynamics or behavior shifts. Such models also consider 
data points independently, which weakens their temporal dependencies across time. 
They are strong for tabular, structured data, but bad for modeling long-term sequences 
or nonlinear feedback of the markets. 
2.2 Deep Learning Method 

Deep learning's rise brought flexibility in its highest concept to the subject of market 
prediction. Deep networks can learn representations by themselves without predefined 
indicators, unlike traditional algorithms, making them far better suited for detecting 
complex nonlinear relationships. Among the deep learning methods, RNNs and LSTMs 
are some of the most widely used for time-series data. Fischer and Krauss applied the 
LSTM model on S&P 500 data between 1992 and 2015 and found that it outperformed 
both Random Forest and logistic regression comfortably on both in-sample and out-of-
sample accuracy [6]. Beyond RNNs, CNNs have been leveraged to extract local
features from either price charts or technical matrices. Sezer showed that CNN-based 
models had found subtle spatial structures and thus outperformed shallow neural
network models in short-term forecasts [9]. More recently, Transformer architectures 
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have been adapted for financial time series problems [10]. Unlike RNNs, their attention 
mechanism can grasp long-range dependencies and interactions between distant points 
in time with much better efficiency. Yet, deep learning models have higher needs 
concerning volume and quality of data, as well as more computing resources. They also 
face problems with interpretation—all too often seen as "black boxes"—which 
challenge their financial decision-making justification [11]. Moreover, when the
training data is scarce or unstable, deep models are easily trapped in overfitting, leading 
to untrustworthy forecasts in real markets. 
2.3 Hybrid and Multi-factor Method 

Hybrid models have been developed to integrate the strengths of traditional with deep 
learning approaches. Nelson introduced the ARIMA-LSTM framework, which models 
the linear pattern by ARIMA and nonlinear residuals by LSTM and achieved consistent 
performance across multiple markets [12]. Other studies have focused on multi-factor 
models, integrating data from different domains such as economic indicators, volatility 
indices, or investor sentiment. For example, in the work of Liu, text-based sentiment 
analysis from news and social media was combined with price data, developing roughly 
12% better accuracy in short-term forecasting [9]. These studies further confirm that 
the integration of diverse data sources provides a more comprehensive view of the 
behavior of markets. 

3 Discussion and Result 

The objective truth is there does not exist a single winner. Their success depends on the 
market situation, how much and what kind of data are used, and the time range of 
prediction. Tree-based models, such as Random Forest and XGBoost, work best when 
the data are well-structured, and the features are clearly defined [3][4]. On the other 
hand, LSTM networks are more effective when there are long-term trends in markets 
like economic cycles or market sentiment trends [6]. The use of transformer networks 
in this field is still quite new. But there are already signs that these networks possess 
great promise in these areas. They are effective in processing large timelines or markets 
simultaneously. They can easily scale up due to their effectiveness in processing large 
datasets. That's why there's great hope in using them to make real-time forecasts. 

Almost all studies concur that feature selection is more crucial than model selection 
itself[9][4]. Essentially, data input quality determines data output quality. But
assessment methodologies vary across studies. One difficulty could be overfitting. 
Models tend to generalize well to training datasets but poorly to test data [7]. But to 
avoid this drawback to a great extent, new studies prefer “rolling window assessment,” 
which periodically reapplies models to adapt to emerging market trends [5]. In general, 
“deep learning models are more reliable in well-controlled conditions,” but
“conventional models are more reliable in less-controlled markets” or those that are 
“more turbulent” compared to “hybrid integration” models. 
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4 Limitation and Future Direction 

In conclusion, there are certainly some limitations. Firstly, there is a data concern. And 
related to that concern, there are two more specific issues. These are model
interpretability. And specifically for model interpretability, there is a concern involving 
“black box” methodology within deep learning models [11]. And finally, there is a 
concern involving evaluation systems, which lack a set standard concerning time scales. 

Future studies can proceed to focus on other areas. These areas include data fusion—
the integration of multi-data information such as prices, news, policy, and sentiment to 
strengthen model use of information [9]; explainable AI—the improvement of model 
interpretability using methods like SHAP analysis and attention maps [10][11];
dynamic learning—the use of model parameters to enable algorithms to learn
perpetually based on market changes [10]; finally, prediction for decision—there are 
areas to focus on in future studies. These include the use of model prediction outcomes 
in portfolio optimization and risk alert. There are always new possibilities emerging 
with technology advancing. 

5 Conclusion 

As yet, this article needs to conclude with a final summary. In short, machine learning 
has great promise for increasing accuracy and speed in forecasting stock indexes.
Conventional models cannot but continue to retain great value based on their
interpretability and strength, especially when there are data limitations or when there 
needs to be transparency in decision-making. But more complex data like non-linear 
data can be more effectively utilized or harnessed using deep learning models. They are 
well-versed in identifying long-term relationships in market data. In fact, other models 
like multivariate models are testing integrating data like economic data, investment 
sentiment data, or data related to a country’s economic policies to construct something 
more complete to create a richly nuanced model related to financial markets. 

But there are still plenty of challenges to overcome when both data quality and model 
interpretability are considered. In terms of future development, model accuracy needs 
to continue improving but without sacrificing its adaptability. Not only does financial 
market prediction aim to raise the accuracy of its short-term prediction models, but 
there are needs to construct a more adaptable model regarding stock market indexes. 
As a result, the development will promote well-informed investment decisions. 
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source, provide a link to the Creative Commons license and indicate if changes were made.
        The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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