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Abstract

This study offers a comprehensive assessment of financial market modeling through a
PRISMA-based systematic review, bibliometric analysis, and content synthesis. We exam-
ined 67 review articles (1990–2024) from Web of Science to build a conceptual framework,
and 4982 articles (1990–2024) were analyzed with Biblioshiny. Five main clusters emerge:
AI and deep learning for prediction; hybrid models that combine traditional and computa-
tional approaches; theoretical foundations, including the Efficient Market Hypothesis and
critiques; high-frequency prediction and volatility analysis; and modeling of cryptocurren-
cies and digital assets. Temporal patterns show a shift from traditional econometrics to
hybrid and deep learning methods, heightened attention to uncertainty and volatility dur-
ing crises, rapid growth in crypto-focused modeling, and increased use of sentiment/news
data after 2017. The content analysis highlights key gaps and future directions: standardized
open benchmarks and reproducible frameworks; regime-sensitive validation; interpretable
hybrid models that merge econometric structure with machine-learning flexibility; and
wider applicability across assets, markets, and data types. The study provides a structured
guide to intellectual and applied modeling, supporting future advances in forecasting, risk
management, and policy design.

Keywords: financial markets forecasting; systematic literature review; bibliometric;
Biblioshiny; content review analysis; hybrid econometric

1. Introduction
Forecasting financial market trends is a critical focus in both academia and investment

practice. As global economies grow more complex and financial instruments become more
volatile, the need for precise, robust, and flexible predictive models has intensified. From
traditional econometrics to modern machine learning (ML), artificial intelligence (AI), and
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deep learning (DL), researchers and practitioners seek models that can reliably predict
price movements in assets such as stocks, bonds, and commodities (Henrique et al., 2019;
Sezer et al., 2020). Forecasts underpin portfolio optimization, risk management, and algo-
rithmic trading, and also inform economic policy, corporate finance, and the study of market
bubbles, making this field essential to academia, the financial industry, and policymakers.
For terminological consistency, this study uses “forecasting” for predictive modeling in
financial markets and “Financial Market Modeling (FMM)” as the overarching term.

Advances in modeling techniques have greatly expanded research on financial fore-
casting across markets and horizons, but a comprehensive, multi-dimensional, and system-
atically organized review of FMM is still missing. Existing reviews remain fragmented,
often focusing on single model families, specific asset classes, or isolated markets, with
limited integration across modelling paradigms, evaluation practices, and market regimes.
They usually address a single modeling technique (e.g., support vector machines, deep
neural networks) or market (e.g., cryptocurrencies, stocks) and rarely consider interactions
among models, market environments, and forecasting horizons. To address these gaps and
motivate further research, we conducted an SLR as a first step. Using a PRISMA-based
screening process, 67 review articles were selected for subsequent bibliometric analysis
and CA.

This study formulates research questions to address gaps in the literature and to
systematically map and synthesize research on financial market modeling. These questions
guide the process from a systematic literature review to a bibliometric analysis of 4982 Web
of Science–indexed studies, and then to thematic content interpretation. In line with its
review focus, the manuscript’s main aim is to classify, synthesize, and critically assess
methodological developments in econometric, machine-learning, and hybrid modeling,
rather than conduct new empirical forecasting comparisons. The questions are:

RQ1. What are the main publication trends, most influential articles, and leading
journals and platforms on forecasting models in financial markets? RQ2. Who are the key,
most cited authors in this field, and how is academic collaboration evolving? RQ3. What
are the dominant and emerging themes in forecasting models, and what do studies suggest
about the future direction of this research? RQ4. Which areas should future research
examine to deepen theoretical and practical understanding of forecasting models, and
which forecasting subfields remain under-studied across markets and methods? RQ5. What
major challenges and methodological weaknesses characterize current forecasting research?
RQ6. What are the dominant forecasting trends across asset classes, how do they evolve
over time, and how is model performance reported and evaluated across different markets
and forecast horizons in the literature? RQ7. What current applications are attracting
researchers, and how does the recent literature position the Efficient Market Hypothesis
relative to developments in artificial intelligence and machine learning approaches?

This study adopts a three-stage integrative review design comprising: (1) a PRISMA-
guided systematic review of 67 review articles; (2) large-scale bibliometric mapping of
4982 Web of Science–indexed publications conducted via Biblioshiny; and (3) a structured
thematic content analysis of the principal bibliometric clusters. Collectively, these stages
delineate the intellectual trajectory of financial market modeling, spanning econometric,
machine learning, and hybrid methodological paradigms.

This study does not introduce new econometric models or forecasting competitions.
Instead, it systematically reviews and synthesizes the literature to trace the evolution of
financial market modeling—from traditional ARCH/GARCH to modern AI-based and
hybrid methods—while developing a methodological taxonomy and outlining future
research directions. In contrast to many prior reviews, which target specific model classes,
market segments, or narrow traditions, this study offers an integrated framework that
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combines systematic reviews, large-scale bibliometric mapping, and thematic synthesis
across multiple markets and modeling paradigms. The framework captures both the
temporal evolution of methods and the cross-market diffusion of ideas over 35 years,
providing a structured, comparative view of financial market modeling.

The paper is structured as follows: Section 2 reviews the literature on Models in
Financial Markets. Section 3 presents the methodological framework and the design and
implementation of the tri-phasic process. Section 4 reports the SLR findings, bibliometric
visualizations, and content synthesis. Section 5 discusses these results in light of the
research questions, highlighting key challenges, modeling trends, and future research
directions. Section 6 concludes with the main contributions, implications, and limitations.

To address the research questions, the next section reviews the existing literature on
financial market modeling by market domain, establishing the conceptual basis for the
bibliometric and thematic analyses.

2. Models in Financial Markets
This study uses a three-stage sequential design: a systematic literature review, a

bibliometric analysis, and a qualitative thematic synthesis. As detailed in Section 2.1,
the systematic literature review (SLR) of 67 review studies defines the conceptual scope
of financial market modeling and highlights methodological gaps in prior work. The
bibliometric analysis (BA) then examines 4982 Web of Science–indexed publications from
1990 to 2024, mapping the intellectual structure and thematic development of forecasting
models across diverse financial asset classes. Finally, content analysis (CA) interprets the
most salient, coherent clusters from the bibliometric results, converting network structures
into insights on modeling techniques, application domains, and future research directions.
Together, these stages form an integrated framework linking prior review evidence, large-
scale domain mapping, and interpretive synthesis.

2.1. Modeling Approaches in Financial Markets

Academic discourse on financial market modeling (FMM) reflects a shift from purely
statistical approaches toward hybrid and intelligent systems. Traditional models remain
important—Poon and Granger’s (2003) review of 93 volatility studies emphasized HISVOL
and ARCH-class models, and Baillie (1996) confirmed the usefulness of autoregressive
frameworks for long-memory processes in financial time series. However, these methods
struggle with nonlinear dynamics and high-frequency noise, prompting growing interest
in AI and machine learning. Bahrammirzaee (2010) showed that neural networks, fuzzy
systems, and hybrid models outperform classical techniques in forecasting, and B. S. Kumar
and Ravi’s (2016) review of 89 studies found that AI-based classifiers, especially when
combined with optimization and data preprocessing, significantly improve accuracy.

A key methodological innovation is the use of hybrid models. Henrique et al. (2019)
used bibliometric mapping to show that combining statistical models with machine learn-
ing (e.g., wavelet-ARIMA, SVM with news sentiment) improves robustness and predictive
accuracy. Cavalcante et al. (2016) noted that hybrid models handle the complex, non-
stationary nature of financial data. Several reviews applied bibliometric and meta-analytic
methods to track the evolution of the literature. J. Chen and Yang (2021) examined 189 Web
of Science papers, analyzing citation patterns and thematic shifts in volatility spillover re-
search. Maiti (2020) critically reviewed Fama-French model extensions, arguing for adding
behavioral and ESG factors to enhance empirical accuracy.

A key advancement in this field is incorporating news sentiment, economic indicators,
and technical analysis into modeling frameworks. Nassirtoussi et al. (2014) reviewed
70 studies and found that combining structured financial data with unstructured news and
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social media text significantly improves forecasting models. Kristjanpoller and Minutolo
(2016, 2018) and Zou et al. (2015) highlighted wavelet- and entropy-based features for
better performance under volatility clustering. The literature varies widely in data periods,
sources, and evaluation methods: some work uses benchmark datasets over long histo-
ries (e.g., 1976–2002 in Poon & Granger, 2003), while others rely on real-time or big-data
sources, indicating a shift toward more dynamic and adaptive modeling (e.g., Nosratabadi
et al., 2020; Tang et al., 2022; Nazareth & Reddy, 2023).

2.2. Search Strategy and Protocol

In order to guarantee academic rigor, replicability, and methodological transparency,
this research employs the PRISMA framework to guide the SLR process during Stage 1.
The objective is to identify prior review-based studies focusing on modeling and predic-
tion within financial markets, thereby establishing a strong theoretical foundation for the
subsequent BA and CA.

2.2.1. Database Selection

The WoS Core Collection was chosen as the sole data source over Scopus and
Google Scholar for several reasons: (1) Historical coverage: WoS includes records back to
1900, versus 1960 for Scopus, offering a broader temporal scope (Mongeon & Paul-Hus,
2016). (2) Output volume: A search for “FMM” in WoS retrieved more relevant articles
(8644 records since 1931) than Scopus (4837 records since 1969). (3) Quality and indexing:
WoS restricts coverage to peer-reviewed journals from major publishers (e.g., Elsevier, Wi-
ley, Springer Nature, Taylor & Francis, Oxford University Press), ensuring methodological
rigor and rich citation data (K. Li et al., 2018).

Standardization and Software Integration: The platform provides well-structured
metadata compatible with Bibliometrix/Biblioshiny and EndNote, enabling accurate data
exports and high replicability (Aria & Cuccurullo, 2017; Prado et al., 2016). Disciplinary
Fit: Web of Science (WoS) covers a wide range of fields—finance, business, computer
science, and economics—making it suitable for this interdisciplinary study. Prior Precedent:
Many bibliometric and SLR studies confirm WoS as a reliable standalone source for finance
and modeling research (e.g., Prado et al., 2016). Although Scopus is widely used for
bibliometric analyses (Donthu et al., 2021; Paul et al., 2021), WoS is preferred here for its
broader topic-specific coverage and greater bibliometric precision.

2.2.2. Search Strategy and Filtering Criteria

We developed a Boolean search strategy by combining three keyword sets (review,
modelling, and financial market terms) to maximize recall and precision. Review terms
were limited to the Title field (TI=) so retrieved records were explicitly review-focused,
while modelling and financial market terms were searched in the Topic field (TS=), covering
titles, abstracts, author keywords, and Keywords Plus. The full Boolean search string is
provided in the Supplementary Materials for transparency and reproducibility.

The search was limited to review articles and articles using bibliometric methods in the
Web of Science Core Collection, excluding the Preprint Citation Index. It covered the fields
of Business Economics, Engineering, Computer Science, Energy & Fuels, Mathematics,
Environmental Sciences & Ecology, Physics, and Science & Technology. Only English-
language publications from 1990 to 2024 were included.

2.2.3. PRISMA Protocol Implementation

A four-phase review procedure based on Page et al. (2021) was applied: (1) Iden-
tification: the initial query yielded 928 documents. (2) Screening: titles and abstracts
were examined to remove irrelevant items, including preprints, purely empirical studies,

https://doi.org/10.3390/jrfm19030228

https://doi.org/10.3390/jrfm19030228


J. Risk Financial Manag. 2026, 19, 228 5 of 47

and off-topic research. (3) Eligibility: 444 full-text articles were assessed for thematic and
methodological fit; studies without substantive financial modeling or focused solely on
non-financial sectors were excluded. (4) Inclusion: 67 high-quality, review-oriented pa-
pers on financial market modeling or forecasting were retained (e.g., systematic reviews,
meta-analyses, bibliometric reviews) that met criteria on publication type, language, and
subject. This targeted strategy grounded Stage 1 in high-quality secondary literature in line
with PRISMA guidelines, validated and contextualized the research design, and provided a
conceptual framework for Stages 2 and 3, with key insights detailed in the Market-Specific
Reviews and Key Findings sections and summarized in the Supplementary Materials.

2.3. Market-Specific Reviews and Key Findings

Much of the surveyed literature focuses on specific financial market sectors, especially
the stock market, while bonds, cryptocurrencies, and derivatives receive less attention.
Methodology and model choices vary by market type, reflecting distinct data characteristics
and forecasting challenges.

2.3.1. Stock Markets

Stock market forecasting is the most developed and methodologically diverse area in
financial market modeling. Early surveys emphasized econometric benchmarks—especially
ARCH/GARCH models, stochastic volatility, and long-memory processes—as rigorous,
coherent tools for modeling volatility clustering and return dependence (Poon & Granger,
2003; Baillie, 1996). Later reviews highlighted the need to extend these models with factor-
based frameworks and to incorporate behavioral variables and macro-financial indicators
to improve explanatory and predictive performance (Maiti, 2020).

As computational power has grown, the literature has increasingly adopted machine
learning methods. Surveys show the rising dominance of neural networks, support vector
machines, decision trees, and fuzzy inference systems for modeling nonlinear returns, often
using technical indicators and advanced feature engineering to boost predictive accuracy
and generalization (Bahrammirzaee, 2010; Henrique et al., 2019; Nti et al., 2020). More recent
reviews highlight a rapid shift to deep learning—especially LSTM-based models—and to
hybrid and ensemble approaches that fuse heterogeneous data and optimization schemes,
improving robustness and stability under high market volatility (A. W. Li & Bastos, 2020;
Kumbure et al., 2022; Thakkar & Chaudhari, 2021).

Stock market forecasting methods have evolved from econometric models to machine
learning and, more recently, to hybrid AI-based architectures. Despite this progress, the field
remains fragmented across model types, input representations, and evaluation protocols,
and there are few systematic comparisons across data modalities and prediction horizons
(Nazareth & Reddy, 2023). This fragmentation motivates the comprehensive bibliometric
and thematic synthesis in this study.

2.3.2. Energy and Commodity Markets

Energy market forecasting has shifted from conventional econometric benchmarks to
hybrid and AI-driven models. Earlier surveys mainly used ARIMA, VAR, and GARCH
as baselines for crude oil and electricity price prediction, highlighting their strengths
in modeling volatility persistence and short-term price dynamics (Chiroma et al., 2013;
Chiroma et al., 2016). However, their rigid statistical structure and limited ability to capture
strong nonlinearities, structural breaks, and regime shifts have prompted a move beyond
purely linear time-series methods.

Recent surveys show that hybrid models combining wavelet-based signal decom-
position, neural networks, and evolutionary optimization now dominate because they
better capture multiscale temporal patterns and nonlinear volatility in energy markets
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(Ghoddusi et al., 2019; Lu et al., 2021). At the same time, studies using entropy-based com-
plexity metrics and behavioral efficiency indicators add a crisis-sensitive lens, highlighting
the need for adaptive validation and high-dimensional inputs under geopolitical and
macroeconomic stress (Kristjanpoller & Minutolo, 2016, 2018; Zou et al., 2015). Bibliometric
analyses confirm a growing focus on short-term electricity price forecasting and integrated
hybrid designs (Zema & Sulich, 2022). Overall, the literature shows a clear move away from
standalone econometric models toward hybrid, preprocessing-heavy, crisis-responsive
systems, where the degree of integration and data transformation increasingly determines
predictive robustness.

2.3.3. Foreign Exchange (Forex) Markets

The literature on currency forecasting divides into two related but distinct areas: tra-
ditional foreign exchange (FOREX) markets and decentralized cryptocurrency markets.
Both study exchange rate dynamics, but their methods differ significantly due to con-
trasting institutional development, data-generating processes, regulatory contexts, and
market microstructures.

In the foreign exchange market, which has received less systematic scrutiny than
equity markets, exchange rate forecasting is highly volatile and sensitive to macroeconomic
shocks. Recent work shows growing use of AI-based models that integrate textual sentiment
and real-time news to better capture abrupt rate movements (Nassirtoussi et al., 2015).
Combining technical indicators with evolutionary optimization also improves short-term
forecasts, especially in unstable markets (Patel et al., 2015). Together, these advances mark
a shift from purely econometric models to hybrid, data-intensive forecasting approaches.

The cryptocurrency market is a relatively new but rapidly developing area of fore-
casting research. Early work focused mainly on Bitcoin volatility, often using fractal and
complexity-based methods (Wątorek et al., 2021; Blackledge & Lamphiere, 2022). Recent
surveys show a clear shift toward machine learning, deep learning, and hybrid models,
especially for high-frequency trading and speculative settings (Fang et al., 2023). Biblio-
metric studies further indicate that research is heavily concentrated on trading strategies
and algorithmic prediction, while broader token ecosystems, regulation, and cross-market
linkages remain comparatively neglected (Bariviera & Merediz-Solà, 2021).

Scholarship on currencies follows two parallel paths: a steadily hybridizing evolution
in foreign exchange (FOREX) forecasting and a rapid, experiment-heavy expansion of cryp-
tocurrency modeling. Together, they signal an emerging methodological convergence on
AI-based approaches, despite ongoing structural fragmentation across currency subfields.

2.3.4. Mutual Funds and Portfolio Evaluation

The performance of mutual funds and the construction of portfolios constitute a
specialized and noteworthy domain of study. Elton and Gruber (2020) conducted an
analysis of active fund performance, revealing that a significant portion of actively managed
portfolios do not surpass passive benchmarks when adjusted for risk. This discovery
corroborates the weak-form Efficient Market Hypothesis (EMH) and coincides with the
escalating interest in algorithmic and data-driven allocation models. Ban et al. (2018)
observed a methodological shift towards AI-driven asset selection, particularly in scenarios
that involve high-dimensional data and non-normal return distributions.

2.3.5. Underserved and Emerging Markets

Notably, the literature concerning bond markets is underrepresented in almost all
examined reviews. There is an absence of comprehensive reviews that forecast bond yields,
delve into term structure models, or scrutinize credit spread dynamics utilizing either
conventional methods or machine learning techniques. This deficiency underscores a
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significant research opportunity, given the global economic significance of fixed-income
markets. Similarly, extensive review studies on cryptocurrency markets, real estate, and
derivatives remain limited. Although certain studies comparatively test models using
Bitcoin or Ethereum, there is no existing systematic or thematic review that consolidates
forecasting approaches across these digital asset categories.

2.4. Thematic Insights and Gaps in the Literature
2.4.1. Thematic Trends and Methodological Shifts

Many studies highlight a shift from traditional statistical models to flexible, non-
linear learning approaches. Cavalcante et al. (2016) and B. S. Kumar and Ravi (2016) note
growing use of hybrid models combining neural networks, fuzzy systems, and optimiza-
tion techniques, which better capture the complexity and instability of financial markets.
Henrique et al. (2019) show via bibliometric mapping that machine learning has overtaken
conventional methods in research activity and practical relevance, especially for stock mar-
ket prediction. A related trend is the rising use of bibliometrics to synthesize the modeling
literature: J. Chen and Yang (2021) and Ban et al. (2018) map publications, co-authorship
networks, and keyword trends, outlining the knowledge landscape in financial forecasting.

A key issue is integrating alternative data sources. Nassirtoussi et al. (2014) show that
adding sentiment analysis, financial news, and social media content improves a model’s
responsiveness to market dynamics. Kristjanpoller and Minutolo (2016, 2018) and Zou et al.
(2015) recommend including entropy and behavioral finance efficiency indicators to extend
evaluation beyond traditional metrics. Despite these advances, evaluation methods in the
literature remain inconsistent: some studies stress out-of-sample predictive accuracy, others
focus on in-sample fit or model interpretability. Few provide standardized benchmarks
across model types or assets, limiting the generalizability of their findings.

2.4.2. Structural Gaps in the Literature

The review exposes uneven market coverage. Research centers on stock markets,
while bond markets—core to the financial system—are largely ignored. There is no com-
prehensive review that unifies term structure models, interest rate forecasting, and credit
risk prediction for bonds. Other assets—cryptocurrencies, real estate, derivatives—are also
underrepresented despite their growing role in diversified portfolios, leaving major gaps
in assessing advanced forecasting models in these asset classes. Comparative cross-market
and cross-model analyses are rare: existing reviews usually focus on a single market or
narrow model set and do not systematically compare traditional, AI-based, and hybrid
models under common validation protocols. Model behavior in crises is also understudied;
only a few works (e.g., Kristjanpoller & Minutolo, 2016, 2018; Zou et al., 2015) examine
performance during crises or regime shifts. Given events such as the Global Financial Crisis,
COVID-19, and post-2020 inflation, evaluating model resilience in atypical conditions is
crucial. Finally, many AI and hybrid studies lack transparency and reproducibility, with
limited sharing of code, data, or methods, hindering practical use and comparability.

The SLR found substantial fragmentation and methodological weaknesses in existing
FMM review literature. Most reviews are either overly descriptive or methodologically
narrow. Over 70% use narrative approaches that lack transparency, reproducibility, and
theoretical integration (Fang et al., 2023), typically focusing on single model families or
specific markets without cross-model comparisons, domain interactions, or longitudinal
themes. Even bibliometric studies, such as Bal and Mishra (2025), did not effectively
link structural results to qualitative insights. The SLR therefore highlights an urgent
need for a study that integrates systematic, bibliometric, and CA methods to examine the
development, application, and comparison of forecasting models across financial domains.
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The systematic literature review (SLR) revealed existing gaps and informed the design
of the bibliometric framework. Prior reviews often searched multiple databases without
explaining their choices. In contrast, this study used only Web of Science (WoS) for bib-
liometric analysis (BA) due to its reliability, citation-tracking effectiveness, compatibility
with advanced tools, and prominence in high-impact financial research (Aria & Cuccurullo,
2017). Addressing the limited scope of earlier reviews, the BA expanded the corpus to
4982 papers, enabling statistically robust co-citation, co-authorship, keyword co-occurrence,
and thematic mapping analyses. This offers a comprehensive view of the intellectual and
conceptual evolution of FMM. The SLR also noted that few reviews employed advanced
bibliometric software. Biblioshiny for Bibliometrix (version 4.2.0) (RStudio version 4.3.3)
supports detailed analysis of productivity, influence, collaboration networks, and thematic
trends, thereby addressing the research questions identified in the SLR (G. Kumar et al.,
2021; Gandhmal & Kumar, 2019).

To enhance transparency and reproducibility, we report the main parameter settings
used in the bibliometric analysis. We set keyword frequency thresholds to maintain a dense,
interpretable network that reveals coherent thematic clusters while limiting fragmentation.
Association strength normalization was applied to reduce the influence of highly fre-
quent generic terms and better capture the conceptual strength of keyword co-occurrences.
Community detection in Bibliometrix/Biblioshiny used the Louvain algorithm (Aria &
Cuccurullo, 2017). The temporal window covers the evolution of financial-market modeling
from the dominance of ARCH/GARCH methods in financial econometrics (Bollerslev, 1986,
1990; R. F. Engle, 1982) to the recent spread of machine and deep learning in asset pricing
and forecasting (H. Chen et al., 2021). The Supplementary Materials present alternative
thresholds and robustness checks, confirming the stability of the thematic structures.

The Systematic Literature Review (SLR) showed the need for a detailed micro-level
interpretive approach to complement macro-level structural patterns. Consequently, a
Content Analysis (CA) was conducted on highly cited articles selected via citation and
thematic clusters from stage 2. Earlier reviews rarely interpreted models in relation to
applied contexts or market conditions, so CA examined methodologies, data types, mar-
ket domains, and application frameworks in these key papers. The SLR also found
that prior reviews lacked an integrated three-dimensional analysis of model type, mar-
ket type, and time-horizon effectiveness. CA was therefore designed to detect pat-
terns within this matrix, focusing on neural models, hybrid AI approaches, and statis-
tical benchmarks (C. Zhang et al., 2023). The SLR further identified inconsistent model
evaluation criteria—some studies emphasized accuracy, others profitability or volatility
forecasts—prompting the development of a comparative framework in stages 2 and 3. It
also highlighted the neglect of alternative markets: stock and cryptocurrency markets
dominated recent reviews, while ESG-related markets and macroeconomic indices were
underexplored. The keyword strategy in stage 2 and content selection in stage 3 were
designed to correct this imbalance. To connect structural trends with practical applica-
tions, the study adopted a triangulated approach in which bibliometric data enrich content
analysis within a systematic framework.

While Section 2 consolidates existing review-based research across different markets,
the following section sets out the methodological framework used to systematically build
on this foundation via large-scale bibliometric mapping and structured content analysis.

3. Research Methodology
This study adopts a three-stage sequential research design to ensure both conceptual

coherence and analytical rigor. Stage 1 (Systematic Literature Review, SLR), presented in
Section 2, synthesizes 67 review-oriented publications to delineate the conceptual scope of
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financial-market modelling and to identify key theoretical and methodological limitations.
This phase also generates a refined keyword taxonomy and coding framework that form
the foundation for the subsequent bibliometric analysis. Building on these delineated
boundaries, Stage 2 (Bibliometric Analysis, BA)—which constitutes the core component
of the methodological approach—expands the empirical basis to 4982 Web of Science–
indexed records and systematically maps the field’s intellectual and conceptual structure
through co-occurrence, co-citation, and thematic network analyses. Subsequently, Stage 3
(Content Analysis, CA) offers an in-depth qualitative examination of the most central and
structurally cohesive clusters identified in Stage 2, thereby translating network-level regu-
larities into substantive insights concerning modelling paradigms, application domains,
and prospective directions for future research. Collectively, the three stages establish a logi-
cally integrated progression from conceptual boundary specification (Section 2), through
structural field-level mapping, to interpretive synthesis.

3.1. Bibliometric Analysis (BA)

We conducted BA using scholarly articles from Thomson Reuters’ WoS citation index,
classifying them into descriptive and quantitative methodologies (Singh et al., 2020; Costa
et al., 2019). BA comprised two main methods: scientific mapping and the evaluation of
scientific productivity, performance, and assessment (Cobo et al., 2012). Keywords were
the unit of analysis (Paule-Vianez et al., 2020). We implemented BA with Biblioshiny in
R-Studio (Aria & Cuccurullo, 2017). The methodology is shown in Figure 1.

Figure 1. Stages of the bibliometric analysis.

3.1.1. Selection of Database

The bibliometric and CA dataset was obtained from the Web of Science (WoS) database,
which offers a broader collection of scientific articles dating back to 1900, compared with
Scopus, whose records start in 1960. Following Jain et al. (2022), the authors queried both
WoS and Scopus to ensure comprehensive coverage. Scopus identified about 60,000 publi-
cations from a 1969 article onward, whereas WoS returned 96,786 papers from a 1929 article.
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Because Scopus contained few FMM-related papers, WoS was chosen for its extensive cov-
erage of research from major publishers such as Elsevier, Wiley, Taylor & Francis, Springer
Nature, IEEE, and Oxford University Press. This study reviewed all FMM-related literature
published from 1971 to 2024, with particular focus on 1990–2024.

The bibliometric dataset was compiled from the Web of Science (WoS) Core Collection.
WoS constitutes a standard data source in bibliometric research due to its systematic
indexing procedures, reliable citation tracking, standardized metadata structures, and
interoperability with advanced analytical software (Alshater et al., 2020; Goyal & Kumar,
2021). Its rigorously curated journal coverage enhances methodological consistency and
facilitates reproducible large-scale science mapping (K. Li et al., 2018; Prado et al., 2016).
The exclusive reliance on a single database increases data homogeneity and reduces the
likelihood of duplicate records, a factor that is particularly critical for network-based
analyses (Hsu & Chiang, 2015). Moreover, WoS integrates efficiently with bibliometric tools
such as Bibliometrix/Biblioshiny (Aria & Cuccurullo, 2017), thereby enabling transparent,
systematic, and replicable analytical workflows.

3.1.2. Keywords Selection Strategy

In Stage 1, an initial keyword set— (“Model*” OR “Predict*”) AND (“Financial
Market*”)—was developed from the authors’ understanding and prior FMM review stud-
ies. Based on insights from the literature, the search strategy was refined to improve
precision and coverage. The expanded keyword set was built from recurrent market- and
model-related terms identified in Stage 1 and refined through iterative pilot searches to
maximize recall and preserve precision, thereby limiting subjectivity in term selection.
The final search string was: (“Model*” OR “Predict*” OR “Forecast*”) AND (“Financial
Market*” OR “Stock Market*” OR “Bond Market*” OR “Capital Market*” OR “Commodit*
Market*” OR “Foreign Exchange” OR “Derivatives Market*” OR “Energy Market*” OR
“$currenc*” OR “Security Market*”). These keywords were applied in the WoS Core Collec-
tion using Boolean operators “AND” and “OR” to build topic-specific queries. Following
Jain et al. (2022), this approach improves the retrieval of relevant documents and, as noted
by Donthu et al. (2021), reduces the subjectivity of traditional reviews by enabling struc-
tured analysis of large bibliographic datasets. Only peer-reviewed publications indexed in
WoS were included, ensuring a robust and reproducible basis for this systematic literature
review (SLR).

3.1.3. Refinement Process and Search Results

To finalize paper selection, we followed the six-step process of X. Xu et al. (2018). We
began with broad queries, then refined them iteratively (e.g., (“Model*” OR “Predict*”)
AND (“Financial Market*”)). Table 1 reports the final queries and search structure. The
initial search returned 96,783 results; limiting the search to titles reduced this to 9224.
To ensure substantial coverage of FMM reviews (Alshater et al., 2020), we expanded the
keywords: one “model” group and one “financial markets” group, each combined with
OR within “Keywords,” and then merged with OR within “Topic.” This yielded 9227 WoS
documents, and, after restricting the time frame, 9167 documents (1900–2024). The data
span 1929–2025, with 1 paper per year up to 1989 and 2 papers in 2025. After screening
60 articles and excluding insignificant ones, the final dataset comprised 9167 articles. In the
second step, we restricted the sample to SCI-EXPANDED and SSCI peer-reviewed journals
(Budler et al., 2021), excluding 3775 articles and retaining 5392.

https://doi.org/10.3390/jrfm19030228

https://doi.org/10.3390/jrfm19030228


J. Risk Financial Manag. 2026, 19, 228 11 of 47

Table 1. Keywords of Models in Financial Markets.

Models—related keywords: (“Model*” OR “Predict*” OR “forecast*”) AND

Financial Markets—related keywords: (“Financial Market*” OR “Capital market*” OR “Stock* Market*” OR “Stock*
Price*” OR “Stock* Return*” OR “Stock* Volati*” OR “Stock Exchange” OR “Equity* Market*” OR “Bond* market*”
OR “Commodit* Market*” OR “Commodity* Price*” OR “Energy Market*” OR “Energy Price*” OR “Option* Price*”
OR “Future* Price*” OR “Future* Return*” OR “Future* volati*” OR “Spot* Price*” OR “Foreign exchange*” OR
“$currency*” OR “Bitcoin*”)

In the search query, the symbol “*” was used as a wildcard operator to capture multiple lexical variants sharing the
same word root (e.g., Model retrieves model, models, modeling, and modelling), thereby ensuring comprehensive
retrieval of relevant studies. In addition, the symbol “$” preceding currency was used to capture possible
variations of the term with or without preceding characters, allowing broader identification of currency-related
expressions in the database search (Aria & Cuccurullo, 2017; Donthu et al., 2021).

Step 3: We restricted our analysis to journal articles, conference papers, and early access
publications, due to their emphasis on innovation and rigorous peer review, consistent with
Paul et al. (2021). This excluded 217 articles, leaving 5175 documents. Step 4: Following
Donthu et al. (2021), we included only English-language articles, leading to the exclusion of
45 more and reducing the total to 5130. Step 5: Our search covered all FMM-related scientific
domains, using WoS Categories identified as most suitable for an FMM review (Costa et al.,
2019), such as Economics, Business Finance, Computer Science AI, Engineering Electrical
Electronic, Mathematics Interdisciplinary Applications, and Social Sciences Mathematical
Methods. A rapid review (Paul et al., 2021) excluded a further 146 documents, yielding
4984. Step 6: This number (4984) was confirmed for BA after a careful title and abstract
screening of previous articles. In total, 91,802 articles were excluded for not meeting criteria
on scholarly status, database source, title, time frame, language, or research area. The
remaining 4984 articles will undergo a comprehensive bibliometric review.

The search string and Keywords

Table 1 presents the finalized keyword taxonomy employed for the construction of
the bibliometric corpus. The Stage 1 review-of-reviews informed the development of
this taxonomy, which was subsequently structured to encompass modeling paradigms
(econometric, machine learning, hybrid), market and asset contexts, as well as terminology
frequently associated with forecasting. This table operationalizes the previously defined
conceptual boundaries and ensures that the bibliometric search strategy is both transparent
and reproducible.

The size of the bibliometric corpus reflects the study’s deliberately broad conceptual
scope rather than an indiscriminate use of search terms. Previous bibliometric studies in
related areas have also relied on large datasets—for instance, Fang et al. (2023) analyzed
4999 Web of Science articles on exchange rate forecasting, and Ferreira et al. (2021) exam-
ined 2326 Scopus publications on AI-based financial applications. These works, however,
largely targeted specific asset classes or narrow modelling domains. By contrast, this study
maps forecasting and modelling techniques across a wide range of financial markets and
methodological paradigms over a long period (1990–2024). The search taxonomy was
therefore designed to cover traditional econometric models, machine learning methods,
hybrid architectures, sentiment-based frameworks, and models for emerging digital assets
within a single analytical framework. Exclusive use of the Web of Science database ensures
consistent citation data, reliable indexing, and methodological comparability. The resulting
corpus of 4984 publications is thus appropriate to the study’s field-level aims and consistent
with standards in large-scale bibliometric research.
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3.1.4. Analytical Dimensions and Link to Research Questions

Consistent with Aria and Cuccurullo (2017), this study used citation count, h-index,
g-index, publication frequency, and productivity over time as performance metrics. It
identified leading contributors to the FMM literature by ranking authors by total pub-
lications, total citations, and average citations per paper. The top 10 authors produced
about 12% of all publications, indicating concentrated authorship (Donthu et al., 2021).
Journals were assessed using total citations and impact factor (IF), with “Expert Systems
with Applications,” “Journal of Forecasting,” and “Applied Soft Computing” emerging
as top-tier outlets (G. Kumar et al., 2021). The dataset showed institutional dominance by
universities in China, the US, and India; the Chinese Academy of Sciences, University of
Tehran, and Indian Institute of Technology were among the most productive. China led
country-wise contributions with over 25% of publications, followed by the US and India,
consistent with Goyal and Kumar (2021).

Science mapping visualizes the structure and evolution of scholarly domains. Using
Biblioshiny, three methods were applied: co-authorship networks, keyword co-occurrence,
and co-citation analysis. The co-authorship map shows fragmented collaboration, sup-
porting Bal and Mishra’s (2025) call for stronger global partnerships. Author networks
form a few tight clusters, and institutional and national networks remain mostly localized.
Keyword co-occurrence highlights dominant terms such as “forecasting,” “ML,” “stock
market,” “volatility,” and “DL.” Co-citation analysis identifies core works—Fama (1970),
Box et al. (2015), and recent studies on hybrid and DL models—defining three intercon-
nected areas: traditional econometrics, AI/ML, and hybrid forecasting. Trend analysis
shows the FMM field moving from ARIMA and GARCH in the early 2000s to ML and
hybrid models after 2015, with growing use of “neural networks,” “LSTM,” and “support
vector machines.” The initial focus on “stock price/return/volatility prediction” has ex-
panded to “cryptocurrency forecasting” and “sentiment analysis.” Studies increasingly
combine econometrics and AI, positioning integrated approaches as central to complex
time-series forecasting (Goyal & Kumar, 2021; Nti et al., 2020).

3.2. Content Analysis (CA)

The third stage uses qualitative CA to interpret, synthesize, and extend the quantitative
BA findings. It conducts a deep dive into selected thematic clusters from co-citation and
thematic mapping analyses to identify nuanced themes, research gaps, and emerging
patterns requiring further study (Snyder, 2019). The CA structure follows thematic clusters
from the bibliometric analysis, representing key research areas: traditional econometric
models, AI/ML-based forecasting, hybrid techniques, market efficiency debates, and
applications across financial asset classes. We select clusters for CA based on: (1) high
density and centrality on the thematic map (Cobo et al., 2011), (2) intellectual cohesiveness
in co-citation networks, and (3) the presence of highly cited review and empirical papers.

This methodology synthesizes content from clustered papers without a pre-existing
coding framework, using Braun and Clarke’s (2006) six-step thematic analysis: (1) Data
Familiarization: thoroughly reading selected texts to identify recurring themes, frameworks,
and methods. (2) Initial Coding: open coding to identify themes, concepts, and patterns
related to FMM, including model types, data frequencies, financial applications, and
geographic areas. (3) Theme Development: grouping codes into key themes based on
recurrence, relevance, and coherence. (4) Theme Review: checking each theme against other
papers to ensure comprehensive, non-redundant coverage. (5) Definition and Labeling:
clearly defining and naming themes for interpretive clarity and consistency. (6) Narrative
Construction: developing thematic narratives for each cluster to present key findings,
theoretical perspectives, and research gaps. Manual coding ensured transparency and rigor,
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with multiple reviewers cross-validating the process. Inter-coder agreement and discussion
were used to resolve discrepancies and maintain consistency.

Through systematic coding and deductive reasoning, five main thematic clusters were
defined for analysis: (1) AI and Deep Learning Models for Prediction: development and
use of advanced AI methods such as LSTM, CNN, and BiLSTM for financial forecasting.
(2) Integrative Models Combining Conventional and Computational Strategies: studies
that integrate econometric models like GARCH with machine learning, underscoring the
growing synergy between statistical and AI-based forecasting. (3) Theoretical Founda-
tions: EMH and Its Challenges: examination of the enduring relevance and limitations
of the Efficient Market Hypothesis and how modeling strategies support its assumptions.
(4) High-Frequency Forecasting and Volatility Analysis: work on volatility dynamics,
high-frequency trading, multiscale volatility, and cross-asset and cross-country spillovers.
(5) Cryptocurrency and Digital Asset Modeling: research on modeling cryptocurrencies
and blockchain-related assets with predictive models while addressing their specific data
issues. Within each cluster, 10–15 studies were selected for in-depth thematic analysis based
on citation impact, recency, and their ability to exemplify cluster themes. By systematically
examining each cluster, this phase connects structural patterns with interpretive insights,
providing the basis for the study’s final synthesis. Further information on cluster selec-
tion, parameter configurations, and supporting outputs is presented in the Supplementary
Materials to improve transparency and enable replication.

4. Result and Discussion of Bibliometric Review
4.1. Descriptive Analysis
4.1.1. Sample Description

This study spans 35 years (1990–2024), enabling a robust examination of the evolution
of FMM. The dataset includes 49821 documents from 758 sources, reflecting the field’s
multidisciplinary relevance. These publications contain 3495 plus-words and 10,205 au-
thor keywords, with an average of 26.72 citations per paper. The annual growth rate of
9.5% confirms FMM’s rising academic prominence. A total of 9468 unique authors con-
tributed, including 637 single-authored papers, while 26.82% of co-authorships involved
international collaboration.

4.1.2. Characteristics of Scientific Output

Figure 2 and Table 2 show the publication trajectory in Financial Market Modeling
(FMM). The field began with 296 publications in the 1990s, reflecting its early development.
Publications rose to 747 in the 2000s, aided by better data access and computing power, and
then to 1782 in the 2010s, indicating growing interest in predictive analytics and machine
learning in finance. The slight decline after 2022 in the 2020s likely reflects shifting academic
interests rather than the reduced importance of the field.

Table 2. Annual Production.

Period Description Articles Trend

1990s Early Stage 296 Low

2000s Moderate Growth 747 Gradual Increase

2010s Sharp Rise 1782 Rapid Growth

2020s Peak and Slight Decline 2157 Peaked followed by a slight decline
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Figure 2. Annual Scientific Production.

4.1.3. Authors’ Contributions

Our analysis elucidates the foremost contributors to research in Financial Market
Modeling (FMM), identifying Gupta, Ma, Zhang, and two scholars named Wang as the
principal authors. Collectively, they contribute to approximately 40% of the publications,
totaling over 200 co-authored papers. Gupta distinguishes himself with 63 papers and the
most significant citations, whereas Ma is notable for authoring 60 articles and achieving
a considerable fractionalized score, reflecting his substantial influence. Zhang has made
47 contributions, and the two Wangs jointly contribute 69 papers, underscoring their active
engagement in financial market modeling.

Based on scanning the literature, we enumerate the most frequently cited and influen-
tial authors within FMM research. The leading quintet of authors accounts for over 32% of
all local citations. Ma emerges as the foremost author with 549 citations (9.3%), succeeded
by Campbell with 433 citations (7.3%), noted for their contributions to asset pricing and
macro-finance. Zhang ranks third with 338 citations (5.8%), specializing in energy finance
and sustainability. Thompson and Gupta follow with 313 (5.3%) and 255 (4.3%) citations, re-
spectively. Authors such as Kotecha and Narayan concentrate on region-specific modeling
and applications within machine learning.

A notable increase in activities among prominent academics is observed post-2015,
corresponding with the enhanced focus on FMM. Gupta exhibited a stable scholarly output,
peaking during the period 2018–2023. Concurrently, Ma and Zhang have persistently
provided significant contributions in recent years. The presence of darker citation bubbles
signifies an elevated level of influence, particularly in well-regarded domains such as sus-
tainability. The scholarly work of Wang and Wang is characterized by a more concentrated
focus, with their major contributions predominantly occurring between 2018 and 2021. In
terms of H-index, Ma ranks first (26), followed by Gupta (23), with Wang, Zhang, and
Narayan close behind (H = 19 each). While Ma is the most prolific in publication count,
Gupta holds the highest total citations, underscoring his broader scholarly impact.
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4.1.4. Top Contributing Journals and Publications

Our analysis identifies the top 30 journals contributing to FMM, encompassing
2183 articles, which account for approximately 43.8% of the total sample, thereby highlight-
ing their essential role in advancing the field. The variety of journals underscores FMM’s
interdisciplinary nature, encompassing finance, computational modeling, and emerging
technologies. Physica A and Expert Systems with Applications are prominent due to their
interdisciplinary scope. Emerging Markets Finance and Trade underscores the growing
interest in global and emerging markets. Journals such as the Journal of Forecasting and
the International Journal of Forecasting underscore the enduring significance of predictive
analytics, while Applied Soft Computing and IEEE Access reflect the increasing influence
of AI and machine learning in financial modeling.

After reviewing the previous 30 journals, we revealed that the top five account for
over 40% of all citations. Dominating this list is the Journal of Finance with 8546 citations
(12%), followed by the Journal of Financial Economics with 6102 citations (8.6%), Expert
Systems with Applications with 4880 citations (13.4%), the Review of Financial Studies with
4743 citations (6.8%), and Energy Economics with 4293 citations (11.8%). This highlights the
crucial roles afforded by both core finance publications and emerging interdisciplinary plat-
forms. The distinction between the most cited and most productive journals suggests that
researchers often prefer domain-specific outlets such as the Journal of Finance for citations,
whereas interdisciplinary journals are generally leveraged more for their methodological
insights rather than as primary sources for citations.

For the top 30 journals, the leading trio—Expert Systems with Applications, En-
ergy Economics, and Physica A—have collectively produced 490 articles and accrued
over 22,000 citations, constituting 32% of the total. Expert Systems with Applications
occupies the leading position with 179 articles and 13,297 citations, underscoring its cross-
disciplinary influence. Energy Economics is ranked second with 5590 citations, highlighting
its significance in energy-centric financial modeling. Physica A, with 4086 citations, demon-
strates its role in statistical modeling within financial contexts.

Figure 3 shows the cumulative output of the top 10 Financial Market Modelling
(FMM) journals, which together published 8297 papers by 2024. The leading titles are
*Physica A* with 190 articles and the *International Review of Financial Analysis* with 72.
*Physica A*, *Expert Systems with Applications*, and the *Journal of Forecasting* account
for 38% of all publications; the other journals provide the remaining 62%, indicating broad
interdisciplinary engagement. The journals fall into four groups: (1) Rapid Expansion in
AI Journals (e.g., *Expert Systems with Applications*, *IEEE Access*), reflecting the rising
role of Machine Learning in FMM; (2) Steady Contributors (e.g., *Journal of Forecasting*,
*Applied Economics*); (3) Energy and Sustainability Emphasis (e.g., *Energy Economics*),
driven by ESG-related growth; and (4) Diverse Specializations, including newer outlets on
computational finance and energy volatility.

Regarding the most frequently cited papers in FMM, Bollen et al. (2011) leading at
1401 citations. Following are Campbell and Thompson (2008) with 1388 citations, Lux
(1995) with 997 citations, and Fischer and Krauss (2018) with 976 citations. These significant
studies, published in notable journals such as the Journal of Finance and Review of Financial
Studies, have had a substantial impact on the field. The years of their publication, ranging
from 1990 to 2018, exemplify foundational contributions and contemporary advancements.
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Figure 3. Top 10 Sources of Production Over Time.

4.1.5. Geographic and Institutional Dissemination of Publications

The analysis additionally highlights the most productive university affiliations in
FMM research, reflecting its global scope. The Chinese Academy of Sciences leads with
140 publications, followed by Southwest Jiaotong University (123) and the University of
London (74). Several Chinese institutions show strong contributions, including Nanjing
University of Science and Technology (73), Xiamen University (59), and Central University
of Finance and Economics (58). Global engagement is evident through notable outputs from
the University of Pretoria (67), the University of California System (66), Deakin University
(44), Islamic Azad University (43), and IPAG Business School (37).

Related to the leading 20 nations contributing to FMM research, China occupies the pri-
mary position with over 1400 publications, signifying substantial domestic output, though
its international partnerships remain constrained. The United States holds the second
position with 1000 publications and exhibits a noteworthy MCP proportion, signifying its
leadership in global research. The United Kingdom (UK) ranks third with 700 publications,
preserving a balanced SCP-MCP distribution. Germany, South Korea, and Australia each
contribute between 400 and 600 publications, whereas India, Brazil, Iran, and Turkey each
contribute within the 200–400 range. Countries such as Australia, the United States, and
Switzerland display significant international collaboration. China emerges as the leading
contributor, driven by strong academic infrastructures and fintech investment. Nonetheless,
the concentration in specific regions highlights disparities in research accessibility. Enhanc-
ing partnerships with underrepresented regions, notably in Latin America and Africa, may
foster global inclusivity. Regarding citations, the United States leads with 36,694, followed
by China with 27,554, the UK with 5999, and Germany with 5505.

Figure 4 illustrates the cumulative increase in scientific output on a national scale
within the field of FMM. Contributions from China experienced a marked rise post-2005, ex-
ceeding 3000 publications by 2024. This trend underscores substantial research investments
and signifies its emergence as a leading figure globally. The United States demonstrates
consistent growth, nearing 1500 publications, and maintaining its position as the primary
contributor until China’s rapid ascent. The United Kingdom holds the lead in Europe
with 800 publications. During the 1990s, the United States, the United Kingdom, and
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Germany were the predominant leaders; however, there was a shift towards exponen-
tial growth from China and India post-2005, attributed to their strategic investments in
academic infrastructure.

Figure 4. Countries’ Production Over Time.

Figure 5 delineates the progression of cited references within the field of FMM. During
the period from 1900 to 1950, there was an incremental increase in citations, signifying the
formative establishment of foundational concepts. Following 1970, a sustained growth
was observed, attributed to enhancements in methodology and broader application. Post-
2000, the field experienced a marked increase in citations, indicative of its integration
across various disciplines. Consequently, three distinct eras may be discerned: the Historic
Foundations (pre-1950)—characterized by the development of theoretical underpinnings;
the Growth Era (1970–2000)—marked by advancements through experimentation; and the
Modern Era (2000–2018)—noted for its rapid interdisciplinary expansion.

Figure 6 illustrates a triadic chart that interconnects the leading 20 Sources, Topics,
and Keywords within FMM. Distinguished journals such as Expert Systems with Appli-
cations, IEEE Access, Quantitative Finance, and Journal of Forecasting emerge as pivotal
publication venues, highlighting the interdisciplinary essence of finance, computation, and
data science. Core subjects encompass forecasting, stock market models, and machine
learning. The reference to “Bitcoin” signifies a burgeoning interest in cryptocurrency mar-
kets. Frequently utilized keywords, such as forecasting, volatility, GARCH, LSTM, and
sentiment analysis, reveal a transition from traditional econometric models to modern,
data-driven methodologies.
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Figure 5. Reference Publication Year Spectroscopy. Note: The black line shows the number of cited
references per publication year, while the red line shows the deviation from the five-year median, indicating
peaks of influential publications.

Figure 6. Three Field Plot.

https://doi.org/10.3390/jrfm19030228

https://doi.org/10.3390/jrfm19030228


J. Risk Financial Manag. 2026, 19, 228 19 of 47

4.2. Conceptual Structure

This section facilitates an understanding of the interrelatedness of subjects within
FMM literature to inform future research directions. It encompasses three fundamental
analyses: co-occurrence networks, thematic evolution mapping, and factorial analysis.

4.2.1. Overview of Conceptual Structure of FMM’s Literature

The FMM conceptual framework was examined using two methods: a keyword tree
map and a coupling-based network map. Figure 7 shows the most frequent keywords,
including volatility (517), returns (463), model (402), and risk (396), which reflect core
themes in financial forecasting, market behavior, and risk assessment. The presence of
neural networks (135) and machine learning indicates growing use of AI methods. From
1990–2000, research focused on econometric and theoretical models such as market effi-
ciency and AR models. Between 2000 and 2015, it shifted to volatility forecasting and asset
pricing, paralleling advances in econometrics. Since 2015, deep learning, cryptocurrency
markets, and predictive analytics have become increasingly prominent.

Figure 7. Most frequent words by authors for the tree map.

The thematic mapping of FMM research (Figure 8) shows four clusters: (1) The upper-left
quadrant focuses on specialized themes—impact, returns, shocks, and time-series—linked
to systemic risk. (2) The upper-right quadrant centers on core themes—neural networks,
prediction, volatility, and market—covering AI-based forecasting, risk assessment, and
market behavior. (3) The lower-left quadrant addresses chaos, volatility, returns, and
inflation, indicating interest in complex systems and underexplored issues like inflation
in developing markets. (4) The lower-right quadrant covers operational themes—market
volatility, variance, and system—supporting interdisciplinary technical modeling.

Figure 7 shows how authors describe their contributions to financial market modeling.
The prominence of terms such as volatility, forecasting, GARCH, machine learning, and
sentiment indicates that research remains centered on volatility and return prediction,
while increasingly adopting data-driven and text-based methods. This descriptive evidence
complements the network analysis by revealing the shared vocabulary linking traditional
econometrics with AI-oriented approaches. The tree map further extends the network
analysis by highlighting the most frequent terms in the literature. The importance of
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volatility, forecasting, machine learning, and sentiment directly relates to RQ6 and RQ7 on
dominant methodological emphases and the evolution of application-driven research.

Figure 8. Coupling Map “Network” Clustering by Coupling.

While Figure 7 highlights the most frequent terms used by authors, Figure 8 provides a
structural perspective by grouping publications according to shared reference patterns. The
coupling map highlights the structural organization of research themes in financial market
modeling by grouping publications that share similar reference patterns. The identified
clusters reveal how related studies are intellectually connected through shared references,
illustrating the major knowledge structures underlying the field. (1) Growing Impact of
Machine Learning (ML) and Artificial Intelligence (AI)—Clusters on neural networks, pre-
diction, and volatility forecasting reflect ML’s role in handling complex financial datasets.
(2) Ongoing Focus on Market Risk and Dynamics—Volatility, returns, and shocks remain
central, especially during crises like the Global Financial Crisis (GFC) and COVID-19. (3) In-
tegration of Behavioral and Sentiment Analysis—Rising interest in investor behavior and
uncertainty highlights efforts to include psychological and sociological factors, supported
by social media–based sentiment data. (4) Emergence of Specialized Topics—Themes such
as inflation, chaos, and crude oil signal a re-examination of core concepts using modern
tools. (5) Systemic Risk and Uncertainty—Clusters on impact, systems, and shocks indicate
advances in modeling interconnected risks and macro-financial volatility. (6) Growth of
Applied and Interdisciplinary Approaches—The convergence of AI and traditional finance
is driving research in cryptocurrency, algorithmic trading, and blockchain. (7) Emphasis on
Sustainability and ESG—Increasing discussion of uncertainty and impact reflects greater
ESG integration driven by regulatory and social pressures. (8) Shifts in Research Themes
Over Time—Longstanding topics like volatility and time series remain important, while
new clusters (e.g., prediction, neural networks) showcase progress in big data and analytics.

Future research should focus on: (a) linking lesser-known but important topics, such as
shocks, to core areas like prediction; (b) integrating interdisciplinary perspectives, including
behavioral finance, artificial intelligence, and macroeconomic methods; and (c) examining
fast-evolving fields such as cryptocurrency volatility, ESG modeling, and algorithmic
trading. Overall, the thematic clusters reflect the dynamic, interdisciplinary nature of FMM
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research, from AI integration to ESG issues, and provide the basis for the co-occurrence
network analysis of key conceptual relationships in the literature.

4.2.2. Co-Occurrence Networks

The co-occurrence network analysis contributes to answering RQ3 and RQ6 by identi-
fying the principal thematic structures within the financial market modelling literature. By
examining the relationships among frequently occurring keywords, the analysis reveals
both established research areas and emerging methodological directions. The resulting
thematic clusters and their corresponding research focuses are summarized in Table 3,
which provides an overview of the dominant conceptual domains shaping research in
this field.

Table 3. Thematic Clusters and Focus Areas (Co-word Map).

Cluster Thematic Focus Color in Figure 9

Cluster A Volatility and Risk Modeling Red

Cluster B Return and Risk Modeling Blue

Cluster C Hybrid Modeling and Predictive Integration Green

Cluster D Cryptocurrency and Digital Asset Modeling Orange

Cluster E Market Microstructure, Information, and Behavioral Biases Purple

Figure 9. Co-occurrence Network visualization map. For easier access to the results, please view this
link: https://github.com/Wafi-Finance/financial-market-forecasting-bibliometric-review (accessed
on 23 February 2026).

Figure 9 visualizes the co-occurrence network of keywords, illustrating the relation-
ships among the identified thematic clusters and highlighting the structural connections
between dominant research topics.

Figure 9 visualizes the keyword co-occurrence network and illustrates the structural
relationships among the thematic clusters identified in Table 3. The network highlights the
central role of key concepts such as volatility, returns, and modelling approaches, while the
connections among nodes reflect the integration of traditional econometric techniques with
emerging data-driven and artificial intelligence–based forecasting methods. The spatial
arrangement of clusters further reveals how different research streams interact and evolve
within the broader landscape of financial market modelling.
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Cluster A, highlighted in red, centers on “volatility” and is the most structurally
important theme, with a betweenness of 5617.464 and a PageRank of 0.039, underscoring
its centrality in financial econometrics. It covers ARCH/GARCH models (R. F. Engle, 1982;
Bollerslev, 1990) and their asymmetric and long-memory extensions such as EGARCH,
GJR-GARCH, and FIGARCH (Nelson, 1991; Glosten et al., 1993; Baillie, 1996). It also
incorporates advances in stochastic volatility (Taylor, 1994; C. J. Kim et al., 1998), jump-
diffusion (Chan & Maheu, 2002), and Markov-switching models (Hamilton & Susmel,
1994). Keywords like “time series,” “realized volatility,” and “herd behavior” indicate a
synthesis of traditional and behavioral approaches (Cont, 2001; Lux & Marchesi, 1999).
Innovations such as Realized GARCH (Hansen et al., 2012), DCC-GARCH (R. Engle, 2002),
and BEKK (Caporin & McAleer, 2012) have enhanced crisis forecasting (Diebold & Yilmaz,
2012; Gabauer & Gupta, 2018). Recent extensions draw on machine learning (L. Chen et al.,
2024; Gu et al., 2020) and climate uncertainty (H.-D. Jiang et al., 2022; Campiglio et al., 2023).
The literature also examines volatility in emerging markets (Choudhry, 2005), linking this
cluster to pricing, efficiency, and systemic risk.

Cluster B, the second-largest cluster shown in blue, centers on “return” and is a
key node (betweenness: 4320.891; PageRank: 0.030), underscoring its importance for
financial market analysis. It covers asset pricing, return predictability, and performance
evaluation across models and horizons. Terms such as “risk,” “performance,” “efficiency,”
“CAPM,” “portfolio,” “momentum,” and “event study” trace the field’s evolution from
basic theory to applications. Foundational models (CAPM, APT; Sharpe, 1964; Lintner,
1965; Ross, 1976) are extended by the Fama–French three- and five-factor models and
Carhart’s four-factor model (Fama & French, 1993, 2015; Carhart, 1997), which address
return anomalies and firm-level differences. Concepts like “alpha,” “beta,” and “firm
characteristics” stress risk-adjusted performance, while “abnormal return” and “efficiency”
link to EMH tests (Jegadeesh & Titman, 1993; Lo, 2004). The cluster also emphasizes
liquidity and idiosyncratic risk (Amihud, 2002; Ang et al., 2006) and uses methods such as
time-series and panel regressions, Fama–MacBeth estimators, sorting, and event studies.
Links to volatility (Cluster A) and hybrid modeling (Cluster C) arise via shared risk concepts
and machine learning (Gu et al., 2020; Krauss et al., 2017). Behavioral notions such as
“bias” and “asymmetry” challenge rationality assumptions (Barberis et al., 1998; M. Baker
& Wurgler, 2006). Overall, Cluster B forms the empirical and theoretical core of return
modeling research.

The third-largest cluster, Cluster (C) in green, examines artificial intelligence (AI),
machine learning (ML), and neural networks in financial modeling. It reflects a shift from
traditional statistics to data-driven, non-linear methods for forecasting prices, returns,
and volatility. Core techniques include neural networks, deep learning, support vector
machines (SVMs), fuzzy logic, and genetic algorithms. Foundational studies use multilayer
perceptrons (MLPs), recurrent neural networks (RNNs), and long short-term memory
networks (LSTMs) for time series prediction (Patel et al., 2015; Fischer & Krauss, 2018).
Hybrid models that combine AI with autoregressive integrated moving average (ARIMA)
and generalized autoregressive conditional heteroskedasticity (GARCH) are now standard
(G. P. Zhang, 2003; Chong et al., 2017; H. Y. Kim & Won, 2018; K. Xu & Niu, 2023), and
random forests and decision trees support classification and high-frequency trading (HFT)
(Atsalakis & Valavanis, 2009). Deep learning architectures such as convolutional neural
networks (CNNs) and LSTMs capture temporal patterns (Fischer & Krauss, 2018; Gu et al.,
2020), while reinforcement learning enables adaptive trading strategies (Deng et al., 2016).
Natural language processing (NLP) and social media–based sentiment analysis further
expand predictive inputs (Bollen et al., 2011; Nassirtoussi et al., 2014). This cluster links
to return modeling (Cluster B) and sentiment/media analysis (Cluster D) through shared
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concerns with behavior, efficiency, and complexity. Recent work extends AI models to
environmental, social, and governance (ESG) variables, macroeconomic data, and climate
risks (Campiglio et al., 2023; L. Chen et al., 2024), underscoring AI’s growing role in
financial econometrics.

Cluster D (the fourth-largest, in brown and orange) examines how sentiment, media,
and investor behavior shape markets. It centers on “sentiment analysis,” “news,” “emotion,”
“Google Trends,” and “text mining,” reflecting a move beyond purely rational market
theories. Unstructured data from social media, news, and search trends have proven
predictive (Bollen et al., 2011). NLP methods extract sentiment from financial texts, affecting
asset values and volatility, especially in crises (Tetlock, 2007; Nassirtoussi et al., 2014). News-
based sentiment scores help forecast trading activity, abnormal returns, and volatility spikes
(Schumaker & Chen, 2009). Media bias and misinformed investor reactions can trigger
herding and noise trading (Engelberg & Parsons, 2011; Siganos et al., 2017). Machine
and deep learning increasingly automate the use of sentiment information (Schumaker &
Chen, 2009; Xing et al., 2018). Structurally, Cluster D links to AI-driven modeling (Cluster
C) and volatility research (Cluster A) through shared behavioral elements. Recent work
ties sentiment to ESG and sustainability narratives (Stoll et al., 2019; Kyriazis et al., 2023),
indicating a shift toward more behaviorally rich, multidimensional financial paradigms.

Cluster E, outlined in purple, focuses on oil prices, energy markets, and realized
volatility, representing a specialized but growing area of financial forecasting. Terms such
as “crude oil,” “spillover,” “uncertainty,” and “forecasting” emphasize how energy prices
behave and affect other markets. Core studies use VAR, SVAR, and GARCH models to ana-
lyze oil shocks (Kilian & Park, 2009). Realized volatility (Andersen et al., 2003) strengthened
high-frequency market analysis. DCC-GARCH and BEKK multivariate GARCH models
assess volatility spillovers with equity indexes (Aloui et al., 2013; Bouri et al., 2022), and
asymmetric responses to oil shocks are well documented (Ciner, 2001; Reboredo, 2012).
Macroeconomic uncertainty indices such as GPR, CPU, and EPU increasingly capture
geopolitical and climate risks (S. R. Baker et al., 2016; Campiglio et al., 2023). Recent work
adopts LSTM and wavelet-based machine learning models to improve forecasts (Yu et al.,
2008; D. Zhang et al., 2019). This cluster is closely linked to volatility modeling (Cluster
A) and AI forecasting (Cluster C), and remains central to financial modeling, energy risk
management, and policy design amid rising sustainability and geopolitical challenges.

4.2.3. Thematic Map

Figure 10 and Table 4 present the thematic map of financial market modeling (FMM),
providing a systematic view of the field’s conceptual structure. Using co-word analysis
and the Callon centrality–density framework, the map highlights both established and
emerging themes. Centrality measures a theme’s connections to others (relevance), while
density reflects its internal development (maturity). Themes fall into four groups: motor,
basic, niche, and emerging/declining. Analysis of keyword co-occurrences in 4982 peer-
reviewed papers identifies five thematic clusters, each representing a core research theme
in FMM. The following sections summarize these clusters, focusing on key terms, main
metrics, and thematic significance.

Cluster A—Return, Risk, and Price Modeling (Blue, Motor Theme)—has the highest
frequency (4516) and strong metrics (Centrality: 0.599; Density: 3.318), making it the
core of financial economics. It focuses on returns, risk, and prices, and incorporates key
asset pricing models such as CAPM (Sharpe, 1964; Lintner, 1965), APT (Ross, 1976), Fama
and French (1993, 2015). Core methods include time-series regressions, portfolio sorting,
and event studies. Its high centrality highlights close links to market efficiency (Fama,
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1970); concepts like abnormal returns and momentum (Jegadeesh & Titman, 1993) illustrate
ongoing debates over the Efficient Market Hypothesis (EMH).

Figure 10. Thematic map of financial market research.

Table 4. Thematic Map Cluster Summary.

Cluster Color Callon
Centrality

Callon
Density

Keyword
Frequency Top Keywords Thematic

Position

A Blue 0.599 3.318 4516.0
returns, risk, prices,
market, abnormal

returns, CAPM
Motor

B Red 0.519 3.113 3373.0

volatility,
ARCH-GARCH,

persistence, realized
volatility

Motor

C Green 0.297 2.957 2562.0
model, prediction,
machine learning,

optimization
Motor

D Brown 0.062 2.822 45
news, sentiment, media,

noise,
information-content

Emerging/Niche

E Purple 0.388 3.414 29 oil, crude oil, realized
volatility, impact

Developed but
Peripheral

Cluster B—Volatility and Behavioral Market Dynamics (Red, Motor Theme) is highly
influential (Centrality 0.519, Density 3.113, Frequency 3373). It centers on volatility, in-
cluding ARCH–GARCH, realized volatility, persistence, and herd behavior. Key mod-
els are ARCH/GARCH (R. F. Engle, 1982; Bollerslev, 1990), stochastic volatility (Tay-
lor, 1994), Markov-switching GARCH (Hamilton & Susmel, 1994), and realized volatility
(Andersen et al., 2003). The cluster also integrates behavioral approaches (Lux & Marchesi,
1999), challenging standard rationality. Volatility functions as a core methodological tool
and thematic link, often examined with returns, risk, and contagion in crises (Ghosh & Jana,
2024; Diebold & Yilmaz, 2012).

Cluster C—AI and Predictive Modeling (Green, Motor Theme) is a key research do-
main (Centrality: 0.297, Density: 2.957, Frequency: 2562) focused on model development,
predictive analytics, machine learning, and optimization to enhance AI-based forecasting.
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Core methods include support vector machines (Suykens & Vandewalle, 1999), artificial
neural networks (G. P. Zhang et al., 1998), and deep learning models such as LSTM and
CNN (Gu et al., 2020; Krauss et al., 2017). Optimization techniques such as genetic algo-
rithms and particle swarm optimization are also central. Cluster C is closely linked to
volatility (Cluster B) and return modeling (Cluster A), reflecting a shift from traditional
explanatory models to more accurate predictive approaches.

Cluster D, centered on Sentiment, News, and Media Influence (Brown, Niche/Emerging
Theme), shows low Centrality (0.062) and Density (2.822) but plays a key role by integrating
behavioral and unstructured data into financial models. Emphasis on terms such as news,
sentiment, media, and information-content reflects growing interest in market psychology
(Umar et al., 2021). Foundational work by Tetlock (2007) and Bollen et al. (2011), combined
with advances in natural language processing, supports sentiment incorporation. Machine
learning classifiers such as SVM and Naïve Bayes extract sentiment from news and social
media (X. Zhang et al., 2011). Though still emerging, this theme broadens the behavioral di-
mension of high-frequency modeling and links it to volatility and cryptocurrency research.

Cluster E, covering studies on oil, crude oil, and realized volatility (Purple, Developed
but Peripheral), lies in the upper-left quadrant with high density (3.414) and moderate
centrality (0.388), indicating maturity but limited integration. It focuses on energy market
modeling using methods such as Realized GARCH (Hansen et al., 2012), SVJ, and multi-
variate GARCH (Caporin & McAleer, 2012). These studies link oil price fluctuations to
macroeconomic shocks, geopolitical risks, and climate uncertainties (Campiglio et al., 2023),
and emphasize structural differences from equity market volatility. Together, these clusters
illustrate the scope and structure of scholarly inquiry in financial market modeling. The
next section traces how these themes have evolved over time.

4.2.4. Thematic Evolution of Financial Market Modeling Research (1990–2024)

The thematic evolution analysis traces the main research themes in financial market
modeling over the past three decades. Split into four periods—1990–2000, 2001–2010,
2011–2020, and 2021–2024 (Figure 11) & summarized in Table 5—the map shows changes
in key terms and conceptual links. Arrows indicate how themes evolve, highlighting a
shift from traditional models to artificial intelligence, behavioral finance, and real-time
forecasting (Kraus et al., 2023).

Figure 11. Thematic Evolution (Trends) in financial models and markets.
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Table 5. Summary and Observed Patterns Across Periods.

Period Dominant Themes Transitions Observed

1990–2000 Cointegration, Heteroskedasticity, Returns Foundational econometrics, time-series modeling
2001–2010 Volatility, Information, Prices, Returns Behavioral extensions, valuation focus, risk modeling
2011–2020 Neural Networks, Prediction, News Shift to AI and computational finance
2021–2024 Risk, Impact, Real-Time Models Integration of ML, policy relevance, ESG and systemic risk modeling

The thematic map provides structured evidence for RQ3 and RQ6 by distinguishing
motor themes, emerging research fronts, and declining areas within financial market
modelling. The spatial positioning of hybrid and machine learning clusters suggests a
progressive consolidation of data-driven methodologies, which are increasingly integrated
with, rather than replacing, conventional econometric techniques. Complementing this
view, the temporal trend analysis documents longitudinal shifts in publication intensity and
methodological orientation, indicating a pronounced acceleration of AI-oriented research
after 2015 and signaling a structural transformation in forecasting scholarship.

1990–2000: Statistical Foundations and Econometric Roots. This period formal-
ized financial market modeling, emphasizing cointegration, ARCH/GARCH models,
asset returns, and the term structure. Research centered on time-series econometrics
(Bollerslev, 1990; R. F. Engle & Granger, 1987), with early work on information and earn-
ings (inclusion indexes: 1.00 and 0.25), indicating strong interest in fundamentals and
market efficiency. This phase also established initial links to macroeconomic dynamics,
providing the statistical basis for later developments.

2001–2010: Diversification into Multi-Asset and Behavioral Models. This period saw
rising model complexity focused on returns, volatility, pricing, and valuation. Returns built
on earlier GARCH-based models (weighted inclusion: 0.19), while volatility evolved from
prior “market” and “dynamics” themes, adding stochastic and behavioral elements (Taylor,
1994; Barberis et al., 1998). The addition of valuation indicates attention to risk pricing,
anomalies, and multi-asset modeling.

2011–2020, advances in artificial intelligence, sentiment analysis, and nonlinear fore-
casting drove a shift toward machine learning, neural networks, and predictive analytics in
computational finance (Tan et al., 2014; Sensoy & Tabak, 2015; Gu et al., 2020). Traditional
models evolved into nonlinear, real-time forecasting frameworks. The use of news sources
underscored the growing importance of sentiment analysis and text-based data (Tetlock,
2007). Volatility remained a central theme, shaped by the Global Financial Crisis and oil
market disruptions (Ghosh & Jana, 2024).

2021–2024: Focus on Real-Time Implementation and Policy. This period marks a
shift from forecasting to application, emphasizing modeling, prediction, risk, impact, and
volatility as AI tools improve market analysis and policy support (Bal & Mishra, 2025;
Y. Zhang et al., 2023). The prominence of “impact” reflects growing attention to macro-
prudential and climate-related forecasts (Campiglio et al., 2023). Continued alignment
with earlier themes shows fundamental models are being refined for data-intensive, real-
time use.

The thematic progression marks a shift from basic econometric principles to AI-driven
models and faster policy implementation (Kraus et al., 2023). Core concepts such as returns
and volatility remain vital but are now combined with advanced tools and interdisciplinary
methods, forming the basis for the following analysis. Factorial Analysis offers a multidi-
mensional view, revealing how research themes are distributed and grouped within the
conceptual framework (Kraus et al., 2023).
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4.2.5. Factorial Analysis

Using Multiple Correspondence Analysis (MCA) in Biblioshiny (Figure 12), this study
maps complex keyword relationships in a two-dimensional space. The first axis (43.15%
of variance) contrasts traditional econometric methods with newer machine learning ap-
proaches, while the second axis (16.93%) separates theoretical pricing studies from empirical
forecasting work. Combined with a dendrogram and clustering, the visualization identifies
five thematic domains and highlights where scholarly concepts converge or diverge.

Figure 12. Conceptual FMM’s Structure from Factorial Keyword Mapping.

The factorial structure represents conceptual proximities among modelling paradigms
and addresses RQ3 by elucidating the interrelations between traditional and AI-based
approaches. The observed clustering pattern suggests thematic convergence rather than a
complete displacement of existing paradigms.

Cluster 1—Volatility, Time Series, and Crisis Modeling (Red) focuses on financial
instability and econometric techniques for modeling volatility, contagion, spillovers, and
crises. It centers on ARCH/GARCH models (R. F. Engle, 1982; Bollerslev, 1990) and
extensions such as EGARCH, GJR-GARCH, and FIGARCH (Nelson, 1991; Glosten et al.,
1993; Baillie, 1996). More advanced approaches, including Realized GARCH and DCC-
GARCH, capture dynamic correlations during crises (Hansen et al., 2012). Crisis detection
is further enhanced with Markov-switching models (Hamilton & Susmel, 1994) and wavelet
models (Rua & Nunes, 2009), incorporating descriptors like “2008 crisis” and “COVID-19”
to highlight empirical relevance (Diebold & Yilmaz, 2012; Ghosh & Jana, 2024).

Cluster 2, Return Modeling, Asset Pricing, and Liquidity (Blue), centers on return
prediction and asset pricing models. Core concepts include return, CAPM, Fama–French,
liquidity, and portfolios. It builds on CAPM (Sharpe, 1964; Lintner, 1965), APT (Ross,
1976), Fama–French factor models (1993, 2015), and Carhart’s momentum model (Carhart,
1997). The cluster studies liquidity risk (Amihud, 2002), idiosyncratic volatility (Ang et al.,
2006), and market efficiency (Lo, 2005), using portfolio sorting, Fama–MacBeth regressions,
and event studies (Jegadeesh & Titman, 1993; Hou et al., 2015). Recent work incorporates
behavioral elements such as sentiment and investor bias (Barberis et al., 1998; M. Baker &
Wurgler, 2006).
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Cluster 3—Machine Learning, Hybrid Forecasting, and Optimization (Green)—highlights
the integration of AI methods with financial modeling. Key terms include neural networks,
SVM, hybrid models, forecasting, and optimization. This cluster reflects a shift from tra-
ditional econometrics to predictive, data-driven methods (Atsalakis & Valavanis, 2009;
Chong et al., 2017). Hybrid models that combine LSTM, CNN, or SVM with ARIMA,
GARCH, or wavelets prioritize performance over theory (Gu et al., 2020; L. Chen et al.,
2024). Optimization methods such as genetic algorithms and particle swarm techniques
improve model calibration in nonlinear, high-frequency settings (Ghosh & Jana, 2024;
Manickavasagam et al., 2020; K. Xu & Niu, 2023).

Cluster 4—Cryptocurrency, Blockchain, and Speculative Assets (Olive Drab) examines
digital finance and decentralized trading. It addresses cryptocurrency, Bitcoin, blockchain,
mining, and speculation. This field applies GARCH models to crypto market volatility
(Katsiampa, 2017), cointegration tests, and sentiment analysis using NLP (Tan et al., 2014;
Sensoy & Tabak, 2015; Gaies et al., 2021). Research also covers bubble detection with
regime-switching and log-periodic models (Philippas et al., 2013), and the environmental
and economic impacts of mining (Stoll et al., 2019; Okorie & Lin, 2020). Originally centered
on Bitcoin, it now extends to DeFi, NFTs, and CBDCs.

Cluster 5—Market Microstructure, Behavioral Finance, and Sentiment (Purple) exam-
ines how liquidity, asymmetric information, and investor sentiment shape market dynamics.
It extends classic work on informed trading and price discovery (Glosten & Milgrom, 1985)
by incorporating behavioral economics and noise trading (Barberis et al., 1998; Tetlock,
2007). Agent-based and experimental methods model bounded rationality (LeBaron, 2006).
Recent studies integrate social media sentiment from platforms like Twitter and Reddit into
predictive models that fuse textual data with price forecasts (Umar et al., 2021; Mai et al.,
2019), highlighting the cluster’s interdisciplinary nature.

Factorial analysis categorizes financial market modeling research into core domains:
econometrics, artificial intelligence, crypto-finance, and behavioral insights. These cat-
egories support the next step—examining the field’s intellectual foundations using co-
citation and author network analysis.

4.3. Intellectual Structure
4.3.1. Co-Citation Analysis

The co-citation analysis clarifies the intellectual foundations of financial market mod-
eling by examining joint citation frequencies among key authors to identify academic com-
munities and ideologies (White & Griffith, 1981). Using the 250 most frequently co-cited
authors, a network was constructed with force-directed algorithms and modularity-based
clustering, complemented by Betweenness, Closeness, and PageRank centrality measures.
This network (Figure 13) shows five main clusters in econometrics, behavioral finance, and
machine learning. Reflecting scale-free citation patterns (Barabási & Albert, 1999), it is
centered on seminal works such as Bollerslev (1990), Fama and French (1993), and Welch
and Goyal (2008), underscoring their unifying influence.

The co-citation structure directly informs RQ2 and RQ3 by revealing the field’s pioneer-
ing authors, main intellectual trajectories, and the temporal convergence of themes. The
simultaneous presence of econometric and AI-oriented clusters signals a shift in forecasting
paradigms from traditional volatility models to hybrid, computationally intensive methods.

Cluster 1—Volatility Modeling and Time-Series Econometrics (Red) provides the core
methods for volatility research. It covers key ARCH and GARCH models (R. F. Engle, 1982;
Bollerslev, 1990), extensions such as EGARCH and GJR-GARCH (Nelson, 1991; Glosten
et al., 1993), and long-memory models (Ding et al., 1993; Baillie, 1996). Mandelbrot (1963)
introduces fractal volatility, and Black (1986) links it to option pricing. Work by R. F.
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Engle and Granger (1987) and Baillie (1996) further advances understanding of multi-
variate and persistent volatility, underscoring this cluster’s role in risk management and
empirical finance.

Figure 13. Author Co-Citation Network in Financial Market Modeling. For easier access to the results,
please view this link: https://github.com/Wafi-Finance/financial-market-forecasting-bibliometric
-review (accessed on 23 February 2026).

Cluster 2—Macroeconomic Forecasting and Structural Empirics (Blue) links macroe-
conomics and financial econometrics, focusing on volatility forecasting with real-time
and high-frequency data. Key works include Andersen et al. (2003) on realized volatil-
ity, Corsi (2009) on HAR-RV models, and Hansen et al. (2012) on forecast combinations.
Macro-financial dynamics are examined by Diebold and Rudebusch (1996), with additional
contributions from Paye (2012) and Wang (2018). Together, these studies underscore the
importance of economic shocks and policy variables for market prediction.

Cluster 3—Behavioral Finance and Return Anomalies (in green) is the largest and most
central theme, critiquing the Efficient Market Hypothesis via sentiment- and anomaly-based
return models. Key contributions include Welch and Goyal (2008) on forecast instability,
Campbell and Thompson (2008) on model precision, and Rapach et al. (2010) on macroe-
conomic predictors. Foundational behavioral work comes from Fama and French (1988),
Barberis et al. (1998), and Neely et al. (2014), with further support from Stambaugh (1999),
Ang et al. (2006), and Clark and West (2007). The cluster highlights bounded rationality,
time-varying risk premia, and sentiment-driven forecasting (Gaies et al., 2021).

Cluster 4—Artificial Intelligence and Deep Learning (Purple) focuses on computational
methods for financial forecasting. Key works include Hochreiter and Schmidhuber (1997)
on LSTM, Fischer and Krauss (2018) on deep learning for stock prediction, and Patel
et al. (2015) on ensemble methods. C.-J. Kim (2003) and Atsalakis and Valavanis (2009)
further demonstrate Artificial Neural Networks, Support Vector Machines, and hybrid
models. Although this cluster has lower betweenness, its high closeness and PageRank
underscore its growing role in integrating machine learning with traditional financial
theories (e.g., Fama, 1970).

Cluster 5—Asset Pricing and Factor Models (Orange) provides the theoretical basis for
pricing models, centered on Fama and French’s (1992, 1993, 2015) multifactor frameworks.
Key extensions include Carhart (1997) on momentum, Amihud (2002) on liquidity risk, M.
Baker and Wurgler (2006) on behavioral finance, and the foundational CAPM of Sharpe
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(1964) and Lintner (1965). Although the smallest cluster, its high betweenness and closeness
highlight its central role in linking rational and behavioral asset pricing theories.

The co-citation density visualization (Figure 14) highlights the scholarly impact of key
authors—Bollerslev (1990), Diebold and Rudebusch (1996), Welch and Goyal (2008), and
Fama and French (1993)—which appear as high-density nodes in the network, indicating
concentrated academic influence. This visualization complements the cluster interpretation
by revealing areas where citations accumulate around seminal contributions. The results
suggest that financial market modeling is driven by a relatively small but influential
group of scholars, forming five interconnected schools of thought. This structural insight
underpins the next phase—historiographic analysis—which traces the field’s chronological
development and identifies major inflection points in financial modeling paradigms.

Figure 14. Co-Citation Density Map Highlighting Intellectual Hotspots.

4.3.2. Historiograph Network Tracing the Intellectual Trajectory of FMM

Unlike the keyword-focused thematic map, the historiographic analysis in Figure 15
tracks the chronological development of academic influence through direct citation paths.
Using Bibliometrix’s historiograph tool, it places the 72 most locally significant, high-
impact documents on a timeline. Nodes represent key studies, arrows show how later
work builds on earlier research, and five color-coded clusters highlight the field’s shift from
early volatility and asset pricing theories to recent work on AI, sentiment analysis, and
cryptocurrency forecasting.

Cluster 1—Volatility and Econometric Foundations (1990–1996) (Red) forms the his-
toriograph’s core, highlighting early work in volatility modeling and time-series econo-
metrics. Pagan (1996) analyzed conditional heteroskedasticity models, and Campbell and
Hentschel (1992) studied asymmetric volatility, foreshadowing EGARCH and GJR-GARCH.
Bollerslev and Mikkelsen (1996) advanced long-memory modeling, paving the way for
FIGARCH (Baillie, 1996) and stochastic volatility (Taylor, 1994). This cluster anchors later
developments, including multivariate GARCH (R. F. Engle & Kroner, 1995), DCC mod-
els (R. Engle, 2002), volatility spillovers (Diebold & Yilmaz, 2012), and high-frequency
modeling (Andersen et al., 2003).

https://doi.org/10.3390/jrfm19030228

https://doi.org/10.3390/jrfm19030228


J. Risk Financial Manag. 2026, 19, 228 31 of 47

Figure 15. Citation Chronology of Key Contributions to Financial Market Modeling. For easier access
to the results, please view this link: https://github.com/Wafi-Finance/financial-market-forecasting
-bibliometric-review (accessed on 23 February 2026).

Cluster 2—Asset Pricing Models and Bayesian Forecasting (1996–2014) (Blue) empha-
sizes uncertainty, model risk, and adaptive pricing strategies. Kandel and Stambaugh (1996)
applied Bayesian learning to return predictions, and Avramov (2002) used Bayesian model
averaging to improve robustness. Pettenuzzo et al. (2014) added economic constraints so
models better reflect investor behavior. Asgharian et al. (2013) examined global equity
integration with regime-switching, while Wang (2018) studied oil-driven macroeconomic
shocks. This cluster links traditional models, such as Fama and French (1993) and Carhart
(1997), to more flexible, empirically grounded forecasting methods.

Cluster 3—Macroeconomic Predictability and Forecast Combinations (2003–2015)
(Green) is the largest group and focuses on predicting returns using macroeconomic infor-
mation and improving models. Campbell and Thompson (2008) showed that imposing
economic constraints can raise forecast accuracy, while Welch and Goyal (2008) questioned
the predictive power of macro variables. Rapach et al. (2010) improved forecast combina-
tion methods, and Bollerslev et al. (2013) and Tauchen and Zhou (2011) examined structural
breaks. Other key studies include Paye’s (2012) work on model instability, Lettau and
Ludvigson’s (2001) on consumption-wealth ratios, Ang and Bekaert’s (2007) on inflation
and yield curves, and Neely et al.’s (2014) on monetary policy shocks. Overall, this cluster
supports a dynamic, multifaceted approach to empirical modeling.

Cluster 4—Behavioral Finance, Media Sentiment, and Nonlinear Dynamics (2011–2020)
(Purple) reflects a shift toward behavioral perspectives in financial modeling. Bollen et al.
(2011) showed that Twitter sentiment can predict market movements, while X. Zhang
et al. (2011) applied machine learning to media-based sentiment. Lux and Marchesi (1999)
developed agent-based models of herding and bubbles, and Barberis et al. (1998) and
M. Baker and Wurgler (2006) challenged the Efficient Market Hypothesis by incorporating
investor psychology. Other key studies include Da et al. (2011) on Google Trends, Tetlock
(2007) and Umar et al. (2021) on media pessimism, and Asgharian et al. (2013) on links
between sentiment and macroeconomic risk, highlighting the role of unconventional data
and nonlinear dynamics.

Cluster 5—Cryptocurrencies, AI, and High-Frequency Forecasting (2017–2021) (Or-
ange) highlights the rise of innovative financial assets and data-driven modeling. Katsi-
ampa (2017) examined Bitcoin volatility with GARCH models, while García-Medina and
Aguayo-Moreno (2024) used Bayesian methods and LSTM networks to forecast cryptocur-
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rency trends. Atsalakis et al. (2019) applied hybrid fuzzy systems, and L. Chen et al. (2024)
and Gu et al. (2020) compared machine learning models with traditional econometric
approaches. Overall, this cluster signals a shift toward AI-based, fast-paced forecasting in
speculative markets.

The historiographic analysis tracks financial market modeling from econometric ori-
gins to advanced frameworks that incorporate macroeconomic factors, behavior, sen-
timent analysis, and AI. Each research phase builds on prior work, revealing steady
progress. The next phase—examining social structures—explores how collaborations
among scholars, institutions, and countries shape the development and diffusion of finan-
cial modeling research.

4.4. Social Structure: Author Collaboration Network

Figure 16’s Collaboration Network Map represents authors as nodes and joint publi-
cations as links; node size indicates centrality, and colors show community clusters. Key
metrics—PageRank, Betweenness, and Closeness—capture influence, connectivity, and
structural roles. National-level analysis is omitted to preserve thematic focus and clarity.

Figure 16. Modular Structure of Co-Authorship in FMM.

The collaboration map addresses RQ2 by depicting systematic patterns of scholarly
cooperation and the spatial diffusion of forecasting research. The observed increase in
cross-regional co-authorship is indicative of both the maturation of the research domain
and its progressive internationalization.

Cluster 1—Behavioral, Energy, and Environmental Finance (Purple) has high centrality
and density, with Gupta R as the key researcher, leading in PageRank (0.127), Betweenness
(15.00), and Closeness (0.167). Gupta collaborates with Bouri E, Salisu A.A., and Pierdzioch
C. on energy volatility, macroeconomic uncertainty, and climate policy risk (Okorie &
Lin, 2020; Salisu & Gupta, 2021; Bouri et al., 2017; Salisu et al., 2022). The cluster reflects
strong cross-regional collaborations across East Asia, MENA, and Europe, focusing on
high-frequency, behavioral, and crisis-informed modeling.

Cluster 2—Machine Learning and Portfolio Models (China) (Blue) is an advanced
dyadic cluster led by Chen J. and Jiang F.W., recognized for applying artificial intelligence to
portfolio optimization. Chen has a PageRank of 0.038 and the highest Closeness Centrality
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(1.000), indicating highly effective internal collaboration. Although the cluster’s Between-
ness is zero, it is thematically strong, focusing on SVM, XGBoost, and deep learning for
forecasting in Chinese markets (D. Wu et al., 2009; H. Wu et al., 2021; W. Jiang, 2021).

Cluster 3, in green and led by Ma F, focuses on volatility and systemic risk modeling in
China. Ma F is highly central in the network (PageRank 0.123; Betweenness 48.58; Closeness
0.050), indicating broad collaboration and influence. Key collaborators include Liang C
(PageRank 0.060; Betweenness 15.42) and Wei Y. The group studies volatility, systemic risk,
and spillovers using DCC-GARCH, GVAR, and connectedness indices (Zhong & Liu, 2021),
covering stock, bond, and currency markets.

Cluster 4—Crypto-Macroeconomic Nexus and Spillover Studies (South Asia & China)
(Red), led by Zhang Y.J., shows strong influence and a key bridging role, with PageR-
ank 0.076, Betweenness 36.00, and Closeness 0.045. Another major contributor, Wang
Y.D., has Betweenness 23.00 and PageRank 0.058. Their work examines how cryptocur-
rency volatility relates to macroeconomic factors—policy uncertainty, inflation, and market
sentiment—using frequency-domain and GARCH-MIDAS models (C. Zhang et al., 2022;
Okorie & Lin, 2020; Poon & Granger, 2003).

Cluster 5, labeled AI and Fuzzy Forecasting Systems (Taiwan & East Asia) and shown
in orange, is led by Wang S.Y. (PageRank 0.042, Closeness 0.500). Despite a Betweenness
of 0.00, the cluster is highly effective due to strong internal links. Key collaborators Yu L.
(PageRank 0.038) and Lai K.K. (0.035) are central to developing hybrid models that combine
fuzzy logic, LSTM, SVR, and other soft computing methods for forecasting in East Asian
financial markets (Weng et al., 2018; Lai et al., 2006).

The collaboration network shows a hierarchical, geographically segmented research
landscape, with key scholars such as Gupta R, Ma F, and Zhang Y.J. linking regions and
topics. Variations in cluster centrality reveal both tightly connected communities and
isolated collaborations, indicating uneven knowledge distribution. This concludes the
bibliometric analysis of the conceptual, intellectual, and social structures of financial market
modeling and introduces the next phase: a qualitative content analysis of the main themes,
methods, and contributions in this field.

While the bibliometric analysis elucidates structural patterns, key contributors, and
thematic clusters, a more in-depth qualitative interpretation is necessary to clarify how
these trends are reflected in concrete methodological advancements. Accordingly, the
subsequent section presents a focused content analysis of the most central clusters.

5. Content Analysis
This content analysis complements the preceding quantitative bibliometric study,

focusing on the thematic co-occurrence map that identified five main clusters in financial
market modeling. Whereas the bibliometric analysis provided a structural overview, this
section qualitatively examines the key models, research themes, and methodologies in each
cluster. As shown in Table 6, it analyzes the theoretical foundations, practical applications,
and significance of each cluster, clarifying their contributions to the broader financial
modeling literature.

Cluster selection for qualitative interpretation was guided by predefined criteria to
maintain analytical consistency. Clusters were prioritized based on: (i) centrality and
density indicators obtained from the thematic map, (ii) intellectual coherence as evidenced
by co-citation structures, and (iii) their substantive alignment with the overarching re-
search questions. Because this study is grounded in a structured thematic examination of
bibliometric outputs rather than manual coding of primary empirical material, standard
inter-coder reliability statistics are not applicable.
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Table 6. Mapping the Content Structure: Summary of Key Clusters in FMM Research.

Cluster No. Suggested
Cluster Name

Models in
Financial Markets Key Topics RQs Key References

1 Return, Risk, and
Price Modeling

CAPM, APT,
Fama-French, GARCH,

ESG-Augmented Models

The trade-offs between
risk and return, the

efficiency of markets,
pricing anomalies, and
returns integrated with
Environmental, Social,

and Governance
(ESG) criteria.

RQ1,3,4,7

Fama and French (1993, 2015);
Campbell and Thompson

(2008); Sharpe (1964); Gu et al.
(2020); Friede et al. (2015);

Fatemi et al. (2018)

2
Volatility and

Behavioral Market
Dynamics

GARCH-family, Spillover
Models, TVP-VAR,

Behavioral GARCH,
CPU/EPU-Augmented

Models

The balance between risk
and return, market

efficiency, the presence of
pricing anomalies, and
the integration of ESG

factors into returns.

RQ3,4,5,6

Lux (1995); Shiller (2000);
Kraaijeveld and De Smedt
(2020); Bouri et al. (2022);
Salisu and Gupta (2021);

Diebold and Yilmaz (2009,
2012)

3 AI and DL Models
for Forecasting

LSTM, CNN, ANN, SVM,
XGBoost, Hybrid
AI-Econometrics

Forecasting trends,
employing advanced

neural network models,
detecting anomalous
patterns, integrating

diverse methodologies,
rapid execution of trades

RQ3,4,5,6,7

Rohrbeck and Kum (2018);
Fischer and Krauss (2018);
Bao et al. (2017); Gu et al.
(2020); G. P. Zhang et al.

(1998); Krauss et al. (2017)

4 Sentiment, News,
and Media Impact

Sentiment-Augmented
GARCH, NLP Models,

BERT, Text-Driven
Forecasting

Investor sentiment,
media attention, mood
evaluation, sentiment
analysis, behavioral

indicators

RQ3,4,5,6

Tetlock (2007); Bollen et al.
(2011); Shynkevich et al.

(2017); Engelberg and Parsons
(2011); Costola et al. (2022)

5
Cryptocurrency

and Digital Asset
Modeling

GARCH-MIDAS,
HAR-RV, Spillover

Indices, Markov
Switching, Quantile

Regressions

Volatility within the
cryptocurrency sector,

valuation of digital assets,
transmission effects,
unpredictability, and
inter-asset contagion.

RQ3,4,5,6

Diebold and Yilmaz (2009,
2012); Barunik and Krehlik
(2018); Kraaijeveld and De

Smedt (2020); Okorie and Lin
(2020); C. Zhang et al. (2022);

Katsiampa (2017)

Cluster 1—Modelling of Returns, Risks, and Pricing. This cluster provides the core
theoretical framework of financial market modeling, focusing on risk–return trade-offs,
market efficiency, and pricing anomalies. It builds on key models such as CAPM (Sharpe,
1964; Lintner, 1965), APT (Ross, 1976), and the Fama–French multifactor models (Fama &
French, 1993, 2015). Return modeling is enriched by time-series methods like GARCH and
stochastic volatility (Cochrane, 2011). Research examines time-varying risk premia and
macro-financial predictors via predictive regressions (Campbell & Thompson, 2008), as
well as behavioral perspectives (Barberis & Thaler, 2003). More recently, ESG-integrated
models extend asset pricing to sustainability and climate risks (Friede et al., 2015; Fatemi
et al., 2018; Gu et al., 2020), making this cluster both foundational and forward-looking.

Cluster 2—Volatility and Behavioral Market Dynamics: This segment centers on
modeling volatility and the behavioral factors driving market fluctuations. It uses GARCH
models and variants such as EGARCH and TGARCH to capture volatility clustering and
asymmetric shocks (Lux, 1995; Diebold & Yilmaz, 2009, 2012), and applies TVP-VAR
to assess changing market interdependence (Gabauer & Gupta, 2020; Bouri et al., 2022).
Drawing on Shiller (2000), it highlights how sentiment, noise trading, and herding amplify
volatility. Recent work incorporates policy uncertainty indices—EPU and CPU—into
extended volatility models (Al-Thaqeb & Algharabali, 2019; Gabauer & Gupta, 2018),
with Salisu and Gupta (2021) focusing on climate and macroeconomic risks. Overall, this
cluster combines econometric rigor and behavioral insights to explain volatility in complex,
uncertain markets.
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Cluster 3—AI and Deep Learning Models for Forecasting. This section highlights
the shift to AI-driven forecasting, using models such as LSTM, CNN, SVM, and hybrid
AI–econometric systems (Bao et al., 2017; Gu et al., 2020; Krauss et al., 2017). These methods
improve predictions of returns and volatility by capturing nonlinear patterns in large
financial datasets. Early work on ANN and SVM (G. P. Zhang et al., 1998; Atsalakis
& Valavanis, 2009) enabled the development of advanced models now applied in high-
frequency trading, anomaly detection, and ensemble forecasting (S.-H. Chen et al., 2008;
L. Zhang et al., 2017; Rohrbeck & Kum, 2018). This cluster reflects a methodological shift
in which AI increasingly supplements or replaces traditional models.

Cluster 4—The Influence of Sentiment, News, and Media on Market Dynamics. This
segment examines how textual content and sentiment affect financial behavior using tools
such as sentiment-enhanced GARCH models, NLP frameworks, and transformer systems
like BERT. Foundational work (Tetlock, 2007; Bollen et al., 2011) shows that investor senti-
ment and news interpretation can signal market movements. Studies draw on social media,
news, and financial documents to quantify sentiment and feed it into predictive models
(Shynkevich et al., 2017; Nguyen et al., 2015; García et al., 2017). Machine learning and NLP
advances enable extracting predictive signals from unstructured data (H. Chen et al., 2021;
Costola et al., 2022). This cluster highlights how behavioral patterns and information flows
shape price formation and volatility, especially in uncertain periods.

Cluster 5—Cryptocurrency and Digital Asset Modeling examines the distinctive fea-
tures of cryptocurrency markets, focusing on volatility patterns, spillovers, and regime
shifts. It uses models such as GARCH-MIDAS, HAR-RV, Markov Switching, and quan-
tile regression to capture non-linear dynamics and extreme tail risks (Diebold & Yilmaz,
2009, 2012; Aloui et al., 2013; Barunik & Krehlik, 2018). The analysis covers price conta-
gion, policy uncertainty, and cross-asset linkages during crises and speculative episodes
(Pastor et al., 2022; Y. Zhang et al., 2023). Techniques like spillover indices and wavelet
coherence reveal time-frequency interactions under market stress (Kristjanpoller, 2024;
Okorie & Lin, 2020). Overall, this cluster views digital assets as both indicators of systemic
vulnerability and a frontier area in financial econometrics.

This study does not introduce new econometric estimations, but its content analysis
reveals substantial heterogeneity in how prior research evaluates forecasting performance.
Across econometric and AI-based studies, commonly reported performance measures
include MSE, MAE, QLIKE, and directional accuracy, often alongside Diebold–Mariano
and conditional predictive ability (CPA) tests (Diebold & Mariano, 1995; Diebold, 2015).
However, validation practices differ markedly across markets and model classes, espe-
cially regarding regime dependence, structural breaks, and out-of-sample evaluation de-
sign. By systematically synthesizing these evaluation frameworks, this review clarifies
the methodological standards used to justify forecasting performance claims and high-
lights the need for more harmonized forecast comparison and validation procedures across
modeling paradigms.

6. Implications, Evaluation and Future Research Directions
Building on the literature review, bibliometric mapping, and content synthesis, this

section integrates empirical evidence and methodological perspectives to address the re-
search questions and assess recent advances in financial market modeling. The framework
is distinctive in its sequential integration of review-of-reviews evidence, large-scale bib-
liometric structures, and thematic content synthesis across heterogeneous markets and
modeling paradigms, offering a multi-layered perspective that overcomes the limits of
single-method reviews.
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The findings indicate a shift from traditional econometrics to machine learning–based
and hybrid frameworks, with increasing model complexity. Future work should systemati-
cally compare econometric and AI-driven models using explicit loss functions and rigorous
validation, including out-of-sample tests and robustness checks. Although hybrid and deep
learning models seem effective at capturing nonlinearities and complex market dynamics,
stricter statistical evaluation is needed to confirm their robustness across asset classes,
horizons, and market regimes. Further progress will require integrating econometric theory
with computational innovations to enhance model interpretability and the reliability of
empirical inference.

6.1. Practical and Theoretical Implications

This study offers theoretical and practical contributions by tracing the evolution of
financial market modeling. It moves from traditional asset pricing theories, such as the
CAPM (Sharpe, 1964; Lintner, 1965) and Fama–French factor models (Fama & French,
1993, 2015), to hybrid models that combine econometrics with AI, behavioral finance, and
sentiment analysis (Gu et al., 2020; L. Chen et al., 2024). The paper highlights a shift from
assumptions of market efficiency and stationarity toward more data-driven, complex, and
context-sensitive approaches. Previously separate areas—volatility modeling (Bollerslev,
1990), sentiment analysis (Tetlock, 2007; Kraaijeveld & De Smedt, 2020), and ESG integration
(Al-Thaqeb & Algharabali, 2019)—are now combined in interdisciplinary frameworks.

The results offer key guidance on model selection for financial professionals: LSTM
networks suit high-frequency settings (Fischer & Krauss, 2018), while GARCH-MIDAS
models fit macro-level volatility integration (Pastor et al., 2022). Policymakers should
address risks from behavioral and uncertainty factors (Gabauer & Gupta, 2020), and
educators should design curricula that integrate econometrics, machine learning, and
sustainability. Overall, these implications highlight the need for a methodologically diverse,
internationally oriented, and socially aware modeling framework.

6.2. Critical Evaluation of Methodological Weaknesses in Financial Market Modelling

The Stage 1 review of 67 survey-based studies shows that existing surveys typically
focus on specific model families or single asset classes. Equity-market surveys mainly
trace the shift from traditional econometric benchmarks to machine learning methods
(Henrique et al., 2019; B. S. Kumar & Ravi, 2016), energy-market reviews highlight growing
use of hybrid models (Ghoddusi et al., 2019; Lu et al., 2021), and exchange-rate surveys
emphasize AI-driven models and sentiment indicators (Nassirtoussi et al., 2015). Although
these studies generally report performance gains from advanced techniques, they rarely
conduct systematic cross-market comparisons or examine whether evaluation criteria are
applied consistently across asset classes and forecast horizons.

The bibliometric analysis of 4982 Web of Science–indexed publications (Stage 2) con-
firms this pattern at the disciplinary level. Thematic and co-occurrence mappings show
that, after 2015, keywords on artificial intelligence, deep learning, and hybrid approaches
increasingly dominate, indicating rapid methodological diversification. In contrast, con-
cepts such as reproducibility, data transparency, regime stability, and structural breaks
remain peripheral in the thematic network. Core clusters center on predictive improvement
and model innovation rather than on robust, standardized validation practices, indicating
that methodological sophistication has advanced faster than evaluation standards.

The co-citation network reveals a split intellectual landscape: one path rooted in strin-
gent econometric methods (e.g., volatility modeling and return predictability) and another
focused on expanding machine and deep learning approaches. Econometric work has em-
phasized rigorous diagnostics and theoretical coherence (Poon & Granger, 2003), whereas
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many ML-oriented surveys and applications prioritize predictive performance, often ne-
glecting issues such as overfitting, hyperparameter instability, and data-snooping bias. The
bibliometric centrality patterns therefore indicate the coexistence of these paradigms rather
than full methodological convergence.

Stage 3’s content analysis qualitatively supports these empirical patterns. In equity,
energy, and foreign exchange markets, hybrid and deep learning forecasting models are
often reported to outperform conventional benchmarks (Cavalcante et al., 2016; Thakkar &
Chaudhari, 2021). Yet evaluation protocols vary widely in loss functions, forecast horizons,
and sample-partitioning strategies. Few studies systematically test robustness and stability
across crisis vs. non-crisis regimes or multiple asset classes, so reported performance gains
remain highly context-specific and hard to generalize.

Taken together, the convergent evidence derived from the SLR, bibliometric mapping,
and thematic synthesis suggests that research on financial market forecasting has attained
a high degree of methodological sophistication, yet continues to display four persistent
limitations: (1) constrained cross-market comparability, (2) heterogeneity in validation pro-
cedures and reporting standards, (3) heightened risks of overfitting associated with increas-
ingly complex AI architectures, and (4) inadequate integration of econometric theoretical
foundations with data-driven optimization frameworks. Mitigating these shortcomings
necessitates the adoption of more transparent and reproducible evaluation protocols, the
standardized reporting of forecasting performance metrics, the use of regime-sensitive
validation designs, and the development of explicit cross-asset benchmarking schemes.

6.3. Suggested Avenues for Future Research

This research identifies key directions for advancing financial market modeling. First,
models should more fully integrate ESG factors, CPU, and economic policy uncertainty
(EPU) into return and volatility frameworks. While prior studies (Friede et al., 2015;
Al-Thaqeb & Algharabali, 2019) have introduced these concepts, further work should ex-
amine their interactions with risk premia and volatility spillovers, especially during crises
and in vulnerable markets. Second, AI models such as LSTM, XGBoost, and CNN should
be more closely combined with macro-financial and behavioral indicators (Bao et al., 2017;
Fischer & Krauss, 2018; Gu et al., 2020). Research should focus on improving AI inter-
pretability through SHAP values or attention mechanisms to increase transparency. Finally,
integrating machine learning with causal inference is necessary to strengthen explanatory
power (Rohrbeck & Kum, 2018).

Third, cryptocurrency research should use advanced models that capture regime shifts,
contagion, and cross-asset linkages, such as GARCH-MIDAS and quantile regressions
(Pastor et al., 2022; Y. Zhang et al., 2023), and examine how traditional and digital markets
interact during crises. Fourth, sentiment analysis should extend beyond news and Twitter
to Reddit, ESG reports, and video content (H. Chen et al., 2021; Costola et al., 2022), while
also analyzing how sentiment effects differ by investor type and market structure.

Future research should apply comprehensive validation, use rolling-window forecasts,
and compare ensembles to ensure model reliability (Gabauer & Gupta, 2020). Developing
multimodal models that combine text, numerical, and image data is also increasingly impor-
tant (Nguyen et al., 2015; L. Zhang et al., 2017). Finally, future work should assess hybrid
models under stress by using crisis-focused samples and regime-switching techniques
(Okorie & Lin, 2020; Gabauer & Gupta, 2020) to deepen academic understanding and
strengthen practical forecast robustness. To consolidate these directions, Table 7 synthesizes
the proposed future research agenda by linking the identified thematic clusters of financial
market modeling (FMM) with key research questions and representative references.

https://doi.org/10.3390/jrfm19030228

https://doi.org/10.3390/jrfm19030228


J. Risk Financial Manag. 2026, 19, 228 38 of 47

Table 7. Future Research Agenda by Thematic Cluster of FMM.

Research Stream Suggested Future Research Questions Key References

Return, Risk, and
Price Modeling

-In what manner can Environmental, Social, and Governance
(ESG) and sustainability elements be systematically integrated
into both traditional and multi-factor asset pricing models?
-To what extent do ESG signals enhance the predictive
accuracy of returns and risk premiums in an out-of-sample
context across different market regimes?
-How do climate-related disruptions engage with
fundamental factors to affect return dynamics in both
developed and emerging markets?

Friede et al. (2015); Fatemi et al.
(2018); Author Synthesis

Volatility and Behavioral
Market Dynamics

-How do climate policy and macroeconomic uncertainty
shocks affect volatility spillovers in emerging and
fragile markets?
-In what manner can volatility models be enhanced by
integrating behavioral indicators such as noise trading,
adaptive learning, and investor herding during crises?
-How effectively do hybrid volatility models capture the
synergistic effect of policy uncertainty, technical signals, and
market sentiment in the context of systemic events?

Al-Thaqeb and Algharabali (2019);
Gabauer and Gupta (2018);

Author Synthesis

AI and Deep Learning
Models for Forecasting

-To what degree can the frameworks of explainable AI
augment transparency and reliability within the realm of
financial forecasting? Moreover,
-What methodologies may be utilized to optimize hybrid
AI-econometric models in accurately capturing return and
volatility patterns contingent on varying regimes?
Additionally,
-Which techniques are most efficacious in attaining a balance
between prediction accuracy and interpretability in deep
learning applications within financial contexts?

Rohrbeck and Kum (2018); Fischer
and Krauss (2018); Gu et al.

(2020); Author Synthesis

Sentiment, News, and
Media Impact on
Market Dynamics

-How do varied linguistic frameworks and cultural narratives
influence sentiment-based prognostication within
global markets?
-To what extent can sentiment data extracted from
unconventional sources such as ESG reports, central bank
communications, or multimedia content enhance the
predictive modeling of asset price fluctuations?
-How do sentiment indicators significantly integrate with
traditional signals to refine predictions of volatility or returns
amidst heightened uncertainty?

Bollen et al. (2011); H. Chen et al.
(2021); García et al. (2017);

Author Synthesis

Cryptocurrency and
Digital Asset Modeling

-In what ways do institutional frameworks and
macroeconomic uncertainty influence the management of
contagion within crypto markets during global
financial crises?
-How can volatility models for digital assets incorporate
blockchain analytics, sentiment dynamics, and technical
indicators under extreme conditions?
-What methodologies are most effective for detecting
nonlinear dependencies and spillovers between
cryptocurrencies and traditional financial assets?

Barunik and Krehlik (2018);
Kraaijeveld and De Smedt (2020);
Okorie and Lin (2020); C. Zhang

et al. (2022); Author Synthesis

7. Conclusions and Limitations
This study offers a comprehensive, multi-dimensional analysis of financial market

modeling using three methods: Systematic Literature Review (SLR), bibliometric analysis,
and content analysis. The SLR synthesizes 67 review papers, clarifying key theoretical and
empirical paradigms. The bibliometric analysis covers 4984 Web of Science articles from
1990 to 2024 and identifies five main thematic clusters: (1) Return, Risk, and Price Modeling;
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(2) Volatility and Behavioral Dynamics; (3) AI and Deep Learning Models; (4) Sentiment
and Media Influence; and (5) Cryptocurrency and Digital Asset Modeling.

Building on this foundation, the content analysis provided qualitative insights into
the models, tools, and discussions shaping each theme. Together, these elements trace the
field’s shift from traditional asset pricing to advanced forecasting models that incorporate
behavioral insights and machine learning. This approach highlights the value of mixed-
method bibliometric research for synthesizing existing knowledge, identifying future
research directions, and emphasizing the rising importance of interdisciplinary, data-driven
strategies in financial modeling.

Despite the meticulous design of this study’s three-stage process, it has several limita-
tions. Reliance solely on Web of Science (1990–2024) excludes research indexed in Scopus,
SSRN, and grey literature. Restricting sources to English may overlook contributions
in other languages. The keyword strategy, though carefully developed, still involves
subjective choices. Biblioshiny’s clustering methods and fixed thresholds may reduce
network sensitivity and omit niche topics. Finally, the content analysis, derived from earlier
bibliometric stages, inherits their limitations.

Despite these constraints, the study offers a solid and reproducible framework. Sub-
sequent research could build on it by incorporating multilingual datasets, employing
dynamic citation analyses, and adopting mixed-method approaches to more effectively
detect emerging trends in financial market modeling. The value of this work lies in its struc-
tured synthesis and methodological integration, rather than in performing new empirical
forecasting experiments.
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Note
1 Two articles out of the 4984 were excluded as they were classified as early access publications from 2025, whereas the review

strictly focuses on literature published up to the end of 2024.
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