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ABSTRACT

Background and Objective: Financial asset prices are shaped by numerous
endogenous and exogenous factors, including macroeconomic conditions,
political events and market sentiment. With advances in artificial intelligence and
the availability of large-scale data, novel techniques have emerged for financial
forecasting. This study aimed to systematically review recent methodologies for
predicting stock and market index prices.

Materials and Methods: A Systematic Literature Review (SLR) was conducted
to identify, screen and analyze relevant scientific publications. Searches were
performed in the Scopus and IEEE Xplore databases, yielding 32 eligible studies
published primarily since 2018, comprising five review articles and 27 original
research papers.

Results: The analysis reveals that hybrid modeling approaches are the most
frequently adopted techniques in recent studies. Forecasting is predominantly
focused on short-term horizons and a diverse set of input features-including
technical, fundamental and sentiment-based indicators-is employed across
models.

Conclusion: Recentresearch trends emphasize hybrid and short-term forecasting
models for financial assets, reflecting the growing integration of artificial
intelligence with financial data analytics. These findings provide a structured
overview of current practices and highlight directions for future research in
financial market prediction.

INTRODUCTION

Accurate prediction of stock and index prices is a critical task in financial markets,
as it directly supports risk management, investment decision-making and
algorithmic trading strategies. The ability to forecast future price movements
enables investors to optimize portfolio allocation, hedge risks and anticipate market
trends.

A stock represents a share of ownership in a company and entitles its holder to
a claim on the firm’s capital, potentially including voting rights and dividend
payments depending on the stock type. In contrast, indices measure the performance
of a group of companies, a specific sector, or an entire market. Financial indices
serve multiple functions: They track market performance (e.g., the S&P 500 or CAC
40), provide benchmarks for evaluating investment funds and act as underlying
assets for financial instruments such as Exchange-traded Funds (ETFs) and
derivatives.

Investors are primarily concerned with the future evolution of asset prices and
therefore seek reliable forecasting methods to manage risk effectively. A wide range
of techniques has been proposed in the literature for predicting stock and index
prices. Traditionally, statistical models such as the Multi-Layer Coupled Hidden
Markov Model MCHMM)[1] and ARFIMA[2] have been widely applied. With the
expansion of the Internet and the advent of the Big Data era, new predictive
approaches have gained prominence. Machine learning methods have been explored
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in previous studies; for example, Nam and Seong[3]
employed Multiple Kernel Learning (MKL), while Zhang
et al.[4] utilized coupled matrix and tensor factorization.
Deep learning techniques have also become increasingly
prevalent, including the LSTM model reported by Shah
et al.[5] and the Associate Network proposed by Ding and
Qin[6]. In addition, ensemble and decision-fusion methods
have been applied to financial forecasting, as demonstrated
by Jiang et al.[7] and Weng et al.[8]. Hybrid approaches
that integrate multiple techniques are also gaining attention;
For instance, Souma et al.[9] combined NLP, RNN and
LSTM, whereas Huang et al.[10] integrated LSTM, BERT
and GNN.

Given the growing volume of research on stock and
index price prediction, a comprehensive literature review is
essential to identify research trends and the most frequently
employed techniques. However, most existing reviews focus
exclusively on stocks. For example, Soni et al.[11] presented
a semantic review of stock prediction methods, grouping
them into four categories: traditional machine learning, deep
learning, neural networks and graph-based approaches and
discusses the associated challenges. Similarly, Mintarya
et al.[12] reviewed 30 studies on financial prediction and
reported that neural networks are the most commonly
applied models. Kumar et al.[13] analyzed 30 research
papers on stock price prediction and classified techniques
according to different machine learning models. Finally, Lin
and Marques[14] conducted a systematic review of review
papers, examining 10 systematic reviews from Scopus and
Web of Science and identified SVM, LSTM and ANN as the
most widely used models for stock market prediction.

Another limitation of existing reviews is their focus
ona restricted set of study characteristics. For instance,
Soni et al.[11] examined only the algorithms and evaluation
metrics used, while Mintarya et al.[12] provided an
overview of machine learning techniques and trends in stock
prediction.
methods, algorithms, performance metrics and publication
venues and Lin and Marques[14] extended the analysis to
include prediction methods, model input sources and
evaluation metrics.

Kumar et al. [13] considered calculation

In practice, additional characteristics are of interest,
including the temporal window of historical data, the type of
prediction (trend or future price) and the prediction horizon.
Accordingly, the objective of this study was to provide a
systematic review of techniques used since 2018 for
predicting financial instruments, with a specific focus on
stocks and indices. To achieve this, PRISMA methodology
was adopted for systematic literature reviews.

Contributions of the paper: The main contributions of this
study are as follows:

e A systematic literature review of techniques used for
stock and index prediction from 2018 to 2024

e A comprehensive analysis of key characteristics of the
reviewed studies, including publication trends, types of
prediction techniques and models, evaluation metrics,
input data types, historical time windows, data sources,
underlying stocks and indices and the nature and
horizon of the predictions

RESEARCH METHODOLOGY

This section outlines the stages of the methodology adopted
for conducting the literature review. It begins with the
formulation of research questions, followed by the
identification of keywords and construction of search
queries to retrieve relevant studies from scientific databases.
Subsequently, inclusion and exclusion criteria are defined.
Finally, a synthesis of the selected articles is presented.

Formulation of the research questions: The first step
involves defining the research questions guiding this study,
which are as follows:

e What techniques are most widely used in recent years
for predicting stock and index prices and which models
are most frequently applied?

e What types of input data are considered by these
techniques and what historical time windows are
employed?

e What types of predictions are performed and what are
the corresponding prediction horizons?

e Which evaluation metrics are used to assess model
performance?

Definition of keywords and search query: In this stage,
relevant keywords were identified and used to formulate a
search query aimed at efficiently retrieving pertinent articles
from selected scientific databases.

Given that the objective of this study is to identify
recent techniques used in financial asset prediction, the
analysis was restricted to two types of financial instruments:
stocks and indices.

The final search query was formulated as follows:

e (Stock OR Index) AND (Pricing OR Forecasting OR
Prediction) AND (Method OR Approach OR
Technique)

Selection of scientific databases: Two major scientific
databases were selected to ensure comprehensive coverage
of the research topic: Scopus and IEEE Xplore.

Article search based on keywords: The formulated search
query was applied to the Title, Keywords and Abstract fields
in both databases. This process yielded the following results:
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e 2,821 documents from Scopus
e 241 documents from IEEE Xplore

Definition of inclusion and exclusion criteria

Year of publication: Only documents published from 2018
onward were considered. After applying this criterion, the
number of documents was reduced to:

* 1,864 documents from Scopus
* 81 documents from IEEE Xplore

Type of document and number of citations: Two
additional filtering steps were applied. First, only research
articles and review papers were retained. Second, a
minimum citation threshold was imposed to select
influential publications. After applying these criteria, the
retained articles were:

* 49 articles from Scopus with at least 75 citations
* 70 articles from IEEE Xplore with at least 3 citations

The higher citation threshold for Scopus reflects the
substantially larger volume of publications indexed in this
database.

Relevance to domain and removal of duplicates: Only
articles directly related to the finance domain and relevant
to the research questions were retained. Subsequently,
duplicate records across both databases were removed. After
this step, the remaining articles were:

e 18 articles from Scopus
* 14 articles from IEEE Xplore

Table 1 summarizes the different stages of the inclusion
and exclusion process. In total, 32 articles were retained for
final analysis.

Table 2 presents the 32 selected articles, comprising 5
review papers and 27 research articles. For each article, the
table reports its reference number in this study, title, year of
publication and a link to the corresponding source. Table 2
presents 32 selected articles, comprising 5 journals and 27
research articles.

Full-text reading and synthesis: In the final stage, all 32
selected articles were thoroughly reviewed and synthesized.
The outcomes of this synthesis are summarized in Tables 3,
5and 6. For each study, key information was extracted,
including the employed techniques and model types,
evaluation metrics, types of input features used by machine
learning models, historical data windows and sources, the
underlying stocks or indices and the type and horizon of the
predictions.

RESULTS AND DISCUSSION

Analysis of articles by publication year: Figure 1
illustrates the distribution of the 32 articles included in this
study by publication year. The number of publications varies
across years. All selected articles were published from 2018
onward, with the highest number appearing in 2020 (9
articles), followed by 2019 (8 articles), 2023 (4 articles) and
2018, 2021 and 2022 (3 articles each). The lowest number
was observed in 2024, with 2 articles.

The peak in publications in 2020 may be attributed to
the COVID-19 crisis, which had a substantial impact on
financial markets and stimulated increased research activity
in this area.

Analysis of articles by type: Figure 2 presents the
distribution of article types. Among the 32 articles, two main
categories are identified: Literature reviews and research
articles. Research articles constitute the majority, with 27
papers (approximately 85%), whereas the remaining 5
papers (15%) are review articles. This imbalance is
expected, as review papers typically synthesize findings
from multiple primary studies.

Analysis of review articles: This subsection examines the
five review articles included in the study, which focus on
financial market forecasting.

Hu et al.[18] reviewed deep learning techniques for
stock and foreign exchange prediction based on 86
papers published since 2015 and indexed in the Digital
Bibliography & Library Project (DBLP). They reported that
recent approaches frequently combine LSTM with other
models.

Table 1: Number of selected articles according to inclusion and exclusion criteria

Inclusion / Exclusion criteria Comment

Result

Application of search query

Applied to Title, Keywords and
Abstract fields in each database

2821 papers from Scopus and
241 papers from IEEE Xplore

Year of publication

Only papers published between
2018 and 2024 were included

1864 papers from Scopus and
81 papers from IEEE Xplore

Type of document and number of citations

Only review and research articles were retained.
A minimum of 75 citations for Scopus and

49 papers from Scopus and
70 papers from IEEE Xplore

3 citations for IEEE Xplore was required

Paper related domain and removal of duplicates

Only papers related to the finance field were retained

18 papers from Scopus and
14 papers from IEEE Xplore
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Table 2: List of articles selected for the study (n = 32), including 5 review papers and 27 research articles

References Title Year of publication Link
[15] A novel graph convolutional feature based convolutional neural network for stock trend prediction 2020 #1
[9] Enhanced news sentiment analysis using deep learning 2019 #2
[16] Stock Market Trend Prediction Using High-Order Information of Time Series 2019 #3
[17] An integrated framework of deep learning and knowledge graph for prediction of stock price trend: 2020 #4
An application in Chinese stock exchange market
[3] Financial news-based stock movement prediction using causality analysis of influence in the 2019 #5
Korean stock market
[18] A Survey of Forex and Stock Price Prediction Using Deep Learning 2021 #6
[8] Predicting short-term stock prices using ensemble methods and online data sources 2018 #7
[19] EMD2FNN: A strategy combining empirical mode decomposition and factorization machine 2018 #8
based neural network for stock market trend prediction
[20] Stock price prediction using deep learning and frequency decomposition 2021 #9
[21] Stock Closing Price Prediction using Machine Learning Techniques 2020 #10
[7] An improved Stacking framework for stock index prediction by leveraging tree-based 2020 #11
ensemble models and deep learning algorithms
[2] Fractional Neuro-Sequential ARFIMA-LSTM for Financial Market Forecasting 2020 #12
[22] Sentiment analysis on stock social media for stock price movement prediction 2019 #13
[4] Improving stock market prediction via heterogeneous information fusion 2018 #14
[23] Stock Market prediction on High frequency data using Long-Short Term Memory 2020 #15
[6] Study on the prediction of stock price based on the associated network model of LSTM 2019 #16
[5] Stock Market Analysis: A Review and Taxonomy of Prediction Techniques 2019 #17
[24] Systematic analysis and review of stock market prediction techniques 2019 #18
[25] A Stock Price Prediction Model Based on Investor Sentiment and Optimized Deep Learning 2023 #19
[26] Accurate Stock Price Forecasting Based on Deep Learning and Hierarchical Frequency Decomposition 2024 #20
[27] Artificial Intelligence in Accounting and Finance : Challenges and Opportunities 2023 #21
[28] Decision Fusion for Stock Market Prediction : A Systematic Review 2022 #22
[29] Forecasting Stock Prices Using a Hybrid Deep Learning Model Integrating Attention Mechanism, 2020 #23
Multi- Layer Perceptron and Bidirectional Long-Short Term Memory Neural Network
[30] How to Handle Data Imbalance and Feature Selection Problems in CNN-Based Stock Price Forecasting 2022 #24
[31] Hybrid Information Mixing Module for Stock Movement Prediction 2023 #25
[32] Improving Financial Time Series Prediction Accuracy Using Ensemble Empirical Mode Decomposition 2020 #26
and Recurrent Neural Networks
[33] Improving Stock Price Prediction Using Combining Forecasts Methods 2012 #27
[34] Multi-Granularity Spatio-Temporal Correlation Networks for Stock Trend Prediction 2024 #28
[10] ML-GAT :A Multilevel Graph Attention Model for Stock Prediction 2022 #29
[35] Transformer-Gated Recurrent Unit Method for Predicting Stock Price Based on News Sentiments 2023 #30
and Technical Indicators
[1] Multi-Layer Coupled Hidden Markov Model for Cross-Market Behavior Analysis and Trend Forecasting 2019 #31
[36] Stock Prediction Based on Genetic Algorithm Feature Selection and Long Short-Term Memory Neural Network 2020 #32
9
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Fig. 1: Publication year of the studied papers.
Fig. 2: Types of papers included in the study.
Gandhmal and Kumar([24] surveyed techniques used in
stock prediction, categorizing them into classification and are the most commonly employed. They also concluded that
prediction methods. Analyzing 50 papers, they found that incorporating multiple factors is essential for accurate and

artificial neural networks (ANN) and fuzzy-based techniques efficient market prediction.
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Table 6: Summary of reviewed papers

Reference  No. of reviewed papers Priced asset class Employed technique Most used models
[18] 86 Forex; Stock Deep learning CNN; LSTM; DNN; RNN; Reinforcement
learning; HAN; NLP; Wavenet
[24] 50 Stock Machine learning; ANN, SVM, SVR, HMM, NN, fuzzy
Deep learning
[27] 21 Stock; Option Deep learning; For stock pricing: SVM, ANN, Text mining,
Machine learning Data mining; For option pricing: intelligent
algorithms, Machine learning, Deep learning
[28] 75 Stock Decision fusion Homogeneous base learners: ANN, decision
trees, SVM, LSTM; Heterogeneous base learn-
ers employing multiple algorithms
[5] 32 Stock Statistical, Pattern For statistical methods: ARIMA, ESN, Regres-

recognition, Machine
learning, Deep
learning, Sentiment
analysis, Hybrid

sion ...; Pattern recognition: template match-
ing, PIP ...; Machine learning: ANN, SVR,
XGBoost ...; Sentiment analysis: Text mining,
Google Profile of Moods, Opinion Finder ...;
Deep learning: LSTM, RNN ...

Frequency

Year of publication

Fig. 3: Prediction techniques used in research articles

Yi et al.[27] reviewed the application of artificial
intelligence to classical problems in accounting and finance,
demonstrating its use in financial statement analysis,
corporate  valuation, financial asset pricing, risk
management, and so on. In the context of financial asset
pricing, Al is mainly applied to stock and option pricing.

Zhang et al.[28] conducted a systematic review of
decision fusion methods in stock prediction. They reported
that decision fusion models consist of either homogeneous
base learners, such as ANN, decision trees, SVM and
LSTM, or heterogeneous ensembles that integrate
multiple algorithms. They also noted that the use of
identical heterogeneous learner sets across studies is
uncommon.

Shah et al.[5] reviewed stock market prediction
techniques and proposed a taxonomy of methods, while also
discussing challenges and opportunities in stock analysis and
forecasting.

Table 6 summarizes these review papers. Across these
studies, several asset classes are examined, including stocks,
options and foreign exchange. The techniques employed
encompass statistical methods, pattern recognition, machine
learning, deep learning, decision fusion, sentiment analysis
and hybrid approaches.

LSTM

CNN

Autres

13.0% MN-LSTM, RF, BILSTM

BERT, MLP, EMD

Fig. 4: Model types used across prediction techniques

Analysis of research articles
Prediction techniques used in research articles: Figure 3
illustrates the techniques used for predicting stock and index
prices in the research articles. These techniques can be
classified into five categories:

e Hybrid techniques: 63% of research articles
*  Deep learning techniques: 19%

e Machine learning techniques: 7%

e  Decision fusion techniques: 7%

e Statistical techniques: 4%

Hybrid techniques, which integrate multiple methods,
are the most prevalent, accounting for 63% of the research
articles. This finding indicates a growing interest in hybrid
approaches in recent years. These categories largely
correspond to those identified in the review articles, with the
exception of pattern recognition techniques.

Model types used by prediction techniques: Figure 4
presents the most frequently used models across the
different prediction techniques. A total of 51 models are
employed across all research articles. Deep learning models
(e.g., LSTM, CNN, GRU) are the most prevalent, followed
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Financial indicator 4 1

Macroeconomic indicator 1

Raw material market data 2
News article 2

Social media data

Search volume

Type of input

Sentiment index
Correlation between stocks
Technical indicator

Market data

Fig. 5: Types of inputs used across techniques and models
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Fig. 6: Evaluation metrics used across techniques

by classical machine learning models (e.g., MLP, RF),
statistical models (e.g., ARIMA) and signal decomposition
models (e.g., EMD). The nine most frequently used models
are highlighted in the figure.

Input types used for model training: Figure 5 illustrates
the types of inputs used to train the models. Ten input
categories were identified, ranked by frequency: Trading
data (historical prices), technical indicators, stock
correlations, sentiment indices, search volume, social media
data, news articles, market data,
macroeconomic indicators and financial indicators.

Trading data is the most widely used input (20 articles),
followed by technical indicators (12 articles). All other input
types appear in fewer than five articles each.

raw material

Evaluation metrics used for machine learning models:
Model performance is assessed using two main approaches:
evaluation on a holdout test dataset and performance
assessment within a trading scenario using investment
strategies. Figure 6 presents the evaluation metrics
employed. A total of 41 metrics are reported, with the 13

Source of historical data

Fig. 7: Sources of extracted historical data

most common shown in the figure. Accuracy, RMSE,
MAPE, MAE and Precision are among the most frequently
used metrics.

Historical data sources and temporal windows: Figure 7
shows the data sources used to obtain historical data. Across
the articles, 33 distinct sources are reported. Yahoo Finance
is the most frequently used source (13 occurrences, 40%),
followed by the Shanghai Stock Exchange (3 occurrences,
9%). All other sources are used once each (3%).

Most studies rely on historical data ranges of fewer than
5,000 days. Some articles use a single data range, whereas
others employ multiple ranges. The largest datasets were
analyzed by Wen et al.[16] (>20,000 days), followed
by Li et al.[26] (>12,000 days) and Aksehir and Kili¢[30]
(5,000 days).

Underlying financial instruments used for prediction:
Figure 8 presents the financial instruments used as
underlyings for prediction. A total of 57 underlyings are
considered. Indices are used more frequently than individual
stocks, with the S&P 500 being the most common (8
articles), followed by the Dow Jones (5) and Nasdaq (4).
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Fig. 8: Underlyings of stocks and indices used for prediction.
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Fig. 9: Type and horizon of financial prediction.
Other indices include SSEC and CSI 300 (3 occurrences CONCLUSION

each). Among individual stocks, CITIC Securities and
PetroChina are the most frequently used (2 occurrences
each). Most underlyings appear only once.

Type and prediction horizon: Two main types of
predictions are identified: Price prediction and trend
prediction, over various time horizons. Figure 9 illustrates
the distribution of prediction horizons. Most studies(18)
focus on same-day predictions, including 9 for price and 9
for trend. Five articles predict next-day prices and two
predict next-day trends. One article predicts trends 20 days
ahead, while another predicts three prices simultaneously
(after 1, 5 and 10 minutes). Overall, prediction horizons are
predominantly short term. Future research could extend this
work by exploring longer-term predictions of stock and
index prices or trends.

10

This study presented a systematic literature review of
techniques used for predicting financial assets, specifically
stocks and indices, from 2018 onward. The PRISMA
methodology was followed, involving a structured multi-
stage process. Relevant articles were retrieved from Scopus
and IEEE Xplore and after applying the inclusion and
exclusion criteria, 32 articles were retained, comprising 5
review papers and 27 research articles.

Several key findings emerged from the synthesis of
these studies. The review papers highlight a wide range of
asset classes and methodological approaches in financial
prediction, including statistical methods, pattern recognition,
machine learning, deep learning, decision fusion, sentiment
analysis and hybrid techniques.

Analysis of the research articles indicates that
prediction techniques can be categorized into five main
groups: Hybrid, deep learning, machine learning, ensemble
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and statistical approaches. Hybrid techniques, which
integrate multiple methods, are the most prevalent,
appearing in 17 studies and accounting for approximately
63% of the research articles.

Across these techniques, a variety of model types are
employed, including deep learning, classical machine
learning, statistical and signal decomposition models. Deep
learning models dominate, with LSTM, CNN and GRU
being the most frequently used architectures.

Model performance is typically evaluated using two
main strategies: testing on a holdout dataset and assessing
performance within simulated trading scenarios. A wide
range of evaluation metrics is applied, with Accuracy,
RMSE, MAPE and Fl-score being the most commonly
reported.

Ten distinct types of input data are used across models
and techniques, with trading data-primarily historical closing
prices of stocks and indices-being the most frequently
employed. These data are sourced from various platforms,
with Yahoo Finance emerging as the most commonly used
source.

Finally, the reviewed techniques address two primary
prediction tasks: price prediction and trend prediction. The
prediction horizons are predominantly short term, indicating
that most studies focus on near-term forecasting.
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