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Abstract

Stock prices are hard to predict: the underlying series are non-stationary, noisy,
and non-linear, and over the past decade researchers have increasingly reached
for artificial intelligence (AI) and machine learning (ML) rather than classical
linear econometrics. This paper reports a systematic literature review (SLR),
conducted under PRISMA 2020, of 685 primary empirical studies drawn from
three scientific databases (Scopus, IEEE Xplore, and Web of Science) and pub-
lished between 2016 and 2026. We ask four questions. First, which architectures
does the field actually use, and how do shallow models, deep sequence networks,
and hybrid ensembles compare across markets, horizons, and asset classes? Sec-
ond, how has method evolved over the decade, from kernel machines through
recurrent networks to Transformers, financial Large Language Models (LLMs),
dynamic spatial-temporal Graph Neural Networks (GNNs), multimodal fusion,
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and friction-aware Deep Reinforcement Learning? Third, how reproducible is any
of it? We audit code, data, and environment availability, sort the corpus into a
three-tier reproducibility hierarchy, and give mathematical form to five recurring
data leakage mechanisms. Fourth, how are models evaluated? Here we describe
what we call the “Lag-1 Shadowing Trap”, along with scale-dependent error
metrics, ignored execution frictions, and a near-absence of statistical hypothesis
testing. LSTM networks appear in 89.2% of the studies and hybrid frameworks
in 61.9%, yet only 7.6% release working source code, more than 83% report no
formal significance test, and 45.8% never assess trading utility at all. We close
with a Four-Pillar Standardization Protocol intended to narrow the gap between
the accuracies papers report and the returns those models can plausibly earn.

Keywords: Stock market prediction, Deep learning, Machine learning, Systematic
literature review, PRISMA 2020, Reproducibility, Transformers, Graph neural
networks, Large language models

1 Introduction

1.1 Background and Motivation

Financial markets play a key role in allocating capital. They are the channel through
which savings become corporate investment, and along the way they price assets,
supply liquidity, and spread risk through the rest of the economy [1, 7]. Predicting
equity prices, trends, and volatility has occupied economists for decades; computer
scientists arrived at the problem later. Nobody pretends it is easy, but even a small
and unreliable edge pays, so the interest never really fades.

Most of this work sits, explicitly or not, against the Efficient Market Hypothesis
(EMH) as Eugene Fama formalized it [26]. In its weak form, anything the past trading
record could reveal is already impounded in the price, and price changes follow a
random Markovian martingale:

B[P | Fe] = P(1+p) (1)

where F; = o({Pr}._,) is the information set up to time ¢ and p the expected drift.
Taken at face value, that rules prediction out entirely. No algorithm should earn
consistent risk-adjusted excess returns (alpha) unless it trades on inside information
or has an unhedged systematic risk exposure hiding somewhere.

Markets have never fully obliged. Behavioral finance, experimental economics, and
the microstructure literature keep documenting anomalies that refuse to die: cross-
sectional momentum, mean reversion, post-earnings announcement drift, volatility
clustering, retail herding [2, 9]. None of these sits comfortably beside strict informa-
tional efficiency. Andrew Lo’s Adaptive Market Hypothesis (AMH) offers one way to
hold both thoughts at once: efficiency, on his account, is not a constant of nature
but something that strengthens and weakens as competition, risk appetites, and the
learning of boundedly rational participants shift.



Between 2016 and 2026 the change was mostly practical. Computing got cheap,
GPU acceleration became standard equipment, and open-source frameworks, Ten-
sorFlow and PyTorch above all, put the tooling within anyone’s reach. Rigid linear
specifications like Box-Jenkins ARIMA and GARCH gave way to high-capacity
machine learning (ML) and deep learning (DL) architectures that learn temporal
structure, cross-asset interactions, and multi-frequency signals directly from large,
messy data streams [5, 6].

1.2 Research Objectives and Scope

Financial Al research has ballooned over the past few years, and the literature has
sprawled with it. Plenty of studies report directional accuracies well past 90%. Take
those numbers into a live market and they evaporate, and making sense of the gap
means looking hard at how the studies were actually run.

That is what this review sets out to do. Working under the PRISMA 2020 protocol,
we examine 685 primary empirical studies from 2016 through 2026 and organize the
findings around four research questions (RQs):

* RQ1 (Architectural Taxonomy & Comparative Performance): Which Al
machine learning, and deep learning techniques does the field actually use for stock
market prediction, and how does performance stack up across equity markets, time
horizons, and asset classes?

* RQ2 (Methodological Evolution & Emerging Paradigms): How did Al
methodology for stock market forecasting change across the 2016-2026 decade, and
what characterizes the frontier paradigms, their inductive biases and failure modes
included, such as Large Language Models, dynamic Graph Neural Networks, and
Deep Reinforcement Learning?

* RQ3 (Reproducibility & Open Science Practices): What proportion of
empirical studies provide fully reproducible source code, open-access datasets, and
transparent computational environments, and what specific methodological data
leakage vectors compromise scientific validity?

* RQ4 (Evaluation Metrics & Standardization Gaps): What evaluation met-
rics are utilized to assess predictive models (RMSE, MAE, Directional Accuracy,
Sharpe Ratio, Mazimum Drawdown), what mathematical pitfalls distort reported
findings, and to what extent is formal statistical hypothesis testing conducted?

1.3 Contributions

This review makes five contributions:

1. Scale of the corpus (N = 685). As far as we are aware, this is the largest
primary empirical corpus assembled for the stock prediction literature: 685 peer-
reviewed studies from 2016-2026, drawn from Scopus, IEEE Xplore, and Web of
Science (WoS).

2. Mathematical treatment of the model families. We give formal statements
of the classical econometric models, support vector machines, tree ensembles,
recurrent networks (LSTM), self-attention Transformers, dynamic Graph Neural



Networks (GNNs), and friction-aware Deep Reinforcement Learning that populate
the corpus.

3. A three-tier reproducibility audit. We audit code, data, and environment
availability across all 685 studies (the first audit of this scale in the area), classify
each study into a three-tier hierarchy, and find that only 7.6% release functional
source code.

4. A data leakage matrix. We formalize five leakage mechanisms that inflate
reported results, among them pre-split global normalization, decomposition looka-
head bias, and survivorship selection, and pair each with its mathematical
mechanism and a mitigation protocol.

5. A standardization protocol. We propose a four-pillar reporting framework:
open-science mandates, purged walk-forward validation, formal hypothesis testing
(Diebold-Mariano and Friedman tests), and friction-aware economic backtesting.

2 Background and Theoretical Foundations

2.1 Mathematical Problem Formulation in Financial
Forecasting

Formally, stock market prediction amounts to searching a hypothesis class F for a
parameterized mapping f; : X — ) that takes a lookback window of T" past market
observations to a target h steps ahead:

Ge+n = fo (Xe—r+1:1) (2)

where Xy 7114 = [X¢—711,%X¢t—T42,---,%¢] € RTXP denotes a multidimensional fea-
ture tensor containing D heterogeneous feature dimensions at each discrete timestep
Te[t—T+1,t.

How the target y;4p is defined matters a great deal, and three formulations
dominate in practice (Table 1):

1. Continuous price or return regression. The target is either the future price
Pyyp, € RY itself or the log return r¢ 44 = In(Pyyp/P;) € R. Parameters 0 are fit
by minimizing a squared, absolute, or Huber loss over the training set Dipain =

{(Xs,y0) Ly

N
Lse(0) = %Z (v — fo(Xs))? 3)
i=1

L& L fe(X))? iy fe(Xa) <6
Lrtuver (0) = N ; {(5|yi — fo(X;)| — $6% otherwise )

where 0 > 0 sets the point at which the loss switches from quadratic (small noise)
to linear (tail outliers). Standard regression loss formulations implicitly assume
Gaussian, homoskedastic error distributions &; ~ A(0,0?). This assumption con-
flicts with empirical equity distributions that exhibit heavy tails, skewness, and
volatility clustering, which have long been documented as core stylized facts in



financial econometrics [201]. Parameterizing return series with heavy-tailed a-
stable or Student-¢ distributions [198, 202] captures extreme tail risks that standard
Gaussian-based mean squared error losses fail to penalize.

. Directional movement classification. The target is a binary or multi-class label
for the sign of the future return:

1 (Bullish / Upward)
Yi+n = 4 0 (Bearish / Downward)
Neutral

if Pt+h > Pt(l + 5(1eadband)
if Pt+h < Pt(l - 5(1eadband) (5)
otherwise

where the optional deadband dgeadband > 0 discards moves too small to clear bid-
ask friction. Training minimizes the categorical cross-entropy:

Lcg(0

= \

N K
ZZ 1klogP9y1k_1|X) (6)
i=1 k=1

. Trading policy optimization (reinforcement learning). Here there is no
intermediate price forecast at all: the model maps the market state s; € S straight
to portfolio weights w; € AN and is trained on cumulative risk-adjusted reward
under execution friction.

Table 1 Comparison of Problem Formulations in Stock Market Prediction

Formulation Target Variable Loss Function (£) Key Strengths & Limita-
(Yt+n) tions

Price Level  Absolute price Piyp € MSE, MAE, Huber Direct price target;

Regression Rt highly vulnerable to non-
stationarity and Lag-1
shadowing

Log Return  Continuous return  MSE, MAE, Quantile Stationary target; low signal-

Regression Tet4h € R to-noise ratio; hard to opti-

Directional Classi-
fication

Policy Optimiza-
tion (RL)

Discrete label yiy, €

{o,1}

Target portfolio
weights w; € AN

Binary / Categorical
Cross-Entropy

Negative Reward /
PPO Objective

mize with standard MSE
Directly aligned with trading
decisions; ignores magnitude
of price movement

Directly models transaction
costs and execution friction;
sample-inefficient

2.2 Classical Financial Economics vs. Computational Machine

Learning

Classical asset pricing is built on equilibrium models with rational expectations. In
the Capital Asset Pricing Model (CAPM) of Sharpe and Lintner, the expected excess
return on asset ¢ is linear in its market beta f;:

E[R;] -

Rf = 62 (]E[Rm] -

Ry)

(7)



The Fama-French five-factor model adds size (SMB), value (HML), profitability
(RMW), and investment (CMA) factors to the same linear skeleton:

Rit—Ry = a;+Bi1 (Rt — Ryi)+5i2SMB 4 B3 HML, 4 Ba RMW , + 8;5 CMA  +¢;;. (8)

These specifications are foundational but restrictive: factor loadings 8 are constant,
errors are homoskedastic and Gaussian, and the factors themselves are taken as given.
Machine learning drops those assumptions. Its flexible non-parametric models can pick
up complicated feature interactions, conditional distributions that shift over time, and
tail dependence that is anything but uniform. However, this comes at the expense of
the interpretability that made linear models so valuable.

2.3 Temporal Forecasting Horizons and Market Microstructure

The nature of the prediction problem depends on the time horizon, and there are
three main types to consider, worth distinguishing;:

* Intraday and high-frequency (from less than a second up to 60 minutes).
At the microstructure level, the most important features include limit order book
(LOB) depth, order flow imbalance (OFI), bid-ask queue dynamics, and quote can-
cellation rates. Models in this category require very fast feature extraction and
must handle challenges like tick-level bid-ask bounce and latency arbitrage between
exchanges. We distinguish two sub-regimes within this bracket. True high-frequency
trading (HFT), operating at sub-second to sub-minute latencies on raw LOB feeds,
appears in only 11 of our 685 studies; these were included under IC1 when they
evaluated equity price or return prediction, but excluded when the contribution was
purely about optimal execution or market-making with no predictive evaluation.
The remaining 57 intraday studies work at 1-minute to 60-minute bar frequencies,
where the feature space resembles daily models scaled down in horizon rather than
microstructure-native LOB representations.

* Daily (one day ahead). The bulk of the field lives here: 558 studies (81.5%)
predict the next trading day’s close or direction from daily OHLCV bars, techni-
cal indicators, and overnight news sentiment. One habit in this bracket deserves
scrutiny: treating the day as a single, undifferentiated close-to-close interval.
Overnight information assimilation, while the market is shut, and continuous day-
time trading are different econometric animals. Lou, Polk, and Skouras [203] and
Bogousslavsky [204] showed that overnight and intraday returns decouple systemat-
ically, pushed apart by institutional execution schedules and retail flow imbalances.
Salotra et al. [197] found the same split in exchange-traded funds, where static and
momentum strategies produce opposite risk-adjusted profiles by day versus night,
and Zhang and Pinsky [200] together with Wu and Pinsky [199] observed sequence
model accuracy moving around considerably once trading days were broken into
discrete sessions. Collapse all of that into one daily close-to-close series and the
intraday microstructure disappears from view, while unmodeled noise flows into the
recurrent network’s hidden states.



e Multi-day and swing (5 to 30 days ahead). Here the target is medium-term
momentum, macro regime shifts, and earnings-driven trends. Because autoregres-
sive errors compound over multiple steps, models at this horizon usually reach for
sequence-to-sequence designs or direct multihorizon transformers.

2.4 Comparison with Related Systematic Reviews

Table 2 situates this review relative to earlier surveys of financial machine learning
and econometric forecasting [1, 3—7, 10-18, 20-23, 25]. Each of those reviews covers
a slice of the field: technical versus fundamental analysis [13], movement classifica-
tion [17], deep learning backtesting [5], feature extraction pipelines [15], relational
graph learning [22], econometric hybrids [20], and, in one case, a meta-synthesis of
the surveys themselves [4].

What they share, in our reading, are some structural gaps. Samples rarely exceed
150 primary studies. None audits source-code availability at scale. None gives data
leakage a mathematical treatment. Econometric testing protocols such as Diebold-
Mariano and Friedman go largely unmentioned. And coverage of the post-2023 frontier
(financial foundation LLMs, dynamic spatial-temporal GNNs, execution-constrained
DRL) is thin, simply because most of these surveys predate it. We try to close each
of these gaps with a corpus of 685 primary studies spanning 2016-2026.



Table 2 Systematic Comparison with Prior Survey and Literature Reviews on AI/ML for Stock

Market Prediction

Review Year N Span PRISMA Code Leak Key Focus & Dis-

Study ciplinary Delta

Nti et al. [13] 2019 122 2007-2018 Partial No No Fundamental vs.
technical  analysis;
early ML models

Bustos & 2020 117 2000-2019 Yes No No Movement direction

Pomares [17] forecasting; pipeline
taxonomy

Li & Bastos [3] 2020 92 2005-2019 Partial No No Deep learning com-
bined with technical
indicators

Strader et 2020 38 2009-2019 No No No Narrative overview of

al. [21] ML in financial mar-
kets

Chhajer et 2021 56  2010-2020 No No No Focused comparison

al. [1] of ANN, SVM, and
basic LSTM

Roufet al. [7] 2021 84  2011-2020 Yes No No Methodological tax-
onomy of shallow
machine learning

Kumar et 2021 45 2012-2020 No No No Comparative review

al. [12] of statistical and ML
approaches

Wiranata & 2021 62 2011-2020 Yes No No SLR on ML tech-

Djunaidy [18] niques across global
equity exchanges

Kumbure et 2022 138 2000-2020 Yes No No Data sources and ML

al. [10] algorithms in equity
prediction

Olorunnimbe & 2022 142 2015-2021 Yes No No Deep learning, back-

Viktor [5] testing, and trading
gaps

Soni et al. [24] 2022 50 2015-2021 No No No Overview of deep
learning architec-
tures and metrics

Htun et al. [15] 2023 127 2010-2022 Yes No No Feature selection and
dimensional reduc-
tion methods

Mintarya et 2023 60 2017-2022 Yes No No SLR on deep learning

al. [11] and ensemble fore-
casting

Rath et al. [16] 2023 75  2015-2022 No No No Analytic review of
patent and journal
ML methods

Lin & Mar- 2024 28 2015-2023 Yes No No Systematic  review

ques [4] of reviews (meta-
synthesis)

Patel et al. [22] 2024 89  2018-2023 Yes No No Graph Neural Net-
works (GNNs) for
market forecasting

Aksehir & 2024 104 20182023 Yes No No Methodological

Kilig [14] pipeline steps in DL
stock forecasting

Adeleye et 2024 48 2018-2023 No No No Review of predictive

al. [23] accuracy across ML
models

Sharma et 2025 70 2015-2024 Yes No No Econometric and

al. [20] time-series model

3 comparisons

Bhardwaj [25] 2025 52  2019-2024 No No No Narrative overview
of supervised learn-
ing models

Rohan et al. [6] 2026 110 2018-2025 No No No Broad narrative
review of ML in
financial forecasting

This Review 2026 685 2016—2026 Yes Yes Yes Corpus of 685
studies, leakage
math, 3-tier audit,
DM /Friedman

tests, 4-pillar pro-
tocol




3 Methodology

3.1 PRISMA 2020 Protocol and Search Strategy

We followed the Preferred Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA 2020) guidelines [30] throughout. Three premier scientific databases were
searched: Scopus, IEEE Xplore, and Web of Science (WoS). Across these three
databases, the initial search queries retrieved a total of 4,417 records: Scopus returned
2,106 records, IEEE Xplore returned 1,206 records, and Web of Science returned 1,105
articles.

We built the search strings from four concept clusters joined by Boolean operators:
(i) financial prediction targets (e.g., "stock market prediction", "stock price
forecastx*", "equity prediction", "financial market prediction"); (ii) com-
putational and AT techniques (e.g., "machine learning","deep learning", "neural
network*", "LSTM", "CNN", "ensemblex", "XGBoost"); (ili) evaluation, metrics,
and reproducibility terms (e.g., "performance", "accuracy", "RMSE", "Sharpe
ratio", "directional accuracy", "reproducib*", "code"); and (iv) database-
specific domain and document filters. The exact Boolean syntax, field scopes,
parameter filters, and per-database retrieval counts are laid out in Table 3.

3.2 Inclusion, Exclusion, and Screening Breakdown

Screening followed eligibility criteria we fixed before starting:
Inclusion Criteria (IC):

e IC1: Primary empirical studies that evaluate AI, ML, or DL models on equity price
or return prediction.

e IC2: Appeared between January 1, 2016 and early 2026 in a peer-reviewed journal,
indexed conference proceedings, or a curated preprint server.

e IC3: English-language, with the full text obtainable.

e IC4: Reports explicit, quantitative evaluation metrics.

Exclusion Criteria (EC):

e EC1: Non-empirical work: editorials, extended abstracts, patent disclosures.

e EC2: Targets other than equities, e.g., cryptocurrency, foreign exchange, commodi-
ties, or macro indicators evaluated without any equity component.

* EC3: Studies where the methodology could not be pinned down or the performance
metrics were absent.

e EC4: Duplicates across database queries.

Table 4 here gives us the counts and exclusion reasons at each PRISMA stage;
Figure 1 shows the corresponding flow diagram.

3.3 Data Extraction Matrix and Systematic Coding Protocol

From each of the 685 included studies we extracted 22 fields, grouped under five
headings (the complete data extraction matrix is provided as Supplementary Material
attached with this submission in Final Sheet.x1sx):



Table 3 Systematic Boolean Search Queries, Target Scopes, and Retrieval Yield by Database

Database Target Fields / Exact Executed Boolean Records
Limits Search Query String (n)

Scopus Title, Abstract, TITLE-ABS-KEY ( ( "stock 2,106
Keywords market prediction" OR "stock
(TITLE-ABS-KEY); price forecasting" OR "equity

Subject Areas: COMP prediction" OR "financial

(Computer Science), market prediction" ) AND (

DECI (Decision Sci- "machine learning" OR "deep

ences); Document learning" OR "artificial

Types: ar (Article), intelligence" OR "neural

cp (Conference Paper) network*" OR "support vector
machine*" OR "random forestx*"
OR "LSTM" OR "RNN" OR "CNN" OR
"ensemblex*" OR "XGBoost" OR
"gradient boosting" OR
"decision treex" OR
"regression" ) AND (
"performance" OR "accuracy" OR
"comparison*" OR "evaluation"
OR "metricx*" OR "RMSE" OR
"MAE" OR "Sharpe ratio" OR
"directional accuracy" OR
"benchmark*" OR "reproducibx*"
OR "code" OR "dataset*" OR
"evolvx*" OR "approach*" OR
"framework*" ) ) AND (
LIMIT-TO ( SUBJAREA , "COMP" )
OR LIMIT-TO ( SUBJAREA ,
"DECI" ) ) AND ( LIMIT-TO (
DOCTYPE , "cp" ) OR LIMIT-TO (
DOCTYPE , "ar" ) )

IEEE Xplore All Metadata (Title, ((("stock market prediction" 1,206
Abstract, Index OR "stock price forecastx" OR
Terms) "equity prediction" OR

"financial market prediction")
AND ("machine learning" OR
"deep learning" OR "artificial
intelligence" OR "neural
network*" OR "support vector
machine" OR "random forest" OR
LSTM OR RNN OR CNN OR
"ensemble" OR XGBoost OR
"gradient boosting" OR
"decision treex" OR
regression) AND (performance
OR accuracy OR evaluation OR
"metricx" OR RMSE OR MAE OR
"Sharpe ratio" OR "directiomal
accuracy" OR "benchmark*" OR
"reproducib*" OR code OR
"dataset*" OR evolv* OR
approach* OR frameworkx)))

Web of Sci- Topic (TS); Indexes: TS=(("stock market prediction" 1,105
ence SCI-EXPANDED, OR "stock price forecast*" OR
SSCI, CPCI-S, ESCI "equity prediction" OR

"financial market prediction")
AND ("machine learning" OR
"deep learning" OR "artificial
intelligence" OR "neural
network*" OR "support vector
machine*" OR "random forest*"
OR LSTM OR RNN OR CNN OR
"ensemble*" OR XGBoost OR
"gradient boosting" OR
"decision treex" OR
regression) AND (performance
OR accuracy OR "comparison*"
OR evaluation OR "metricx" OR
RMSE OR MAE OR "Sharpe ratio"
OR "directional accuracy" OR
"benchmark*" OR "reproducibx*"
OR code OR "dataset*" OR
"evolvx*" OR "approach*" OR
"framework*"))

Total Initial Records Retrieved Across All Three Databases 4,417




Table 4 PRISMA 2020 Systematic Screening and Exclusion Breakdown

PRISMA Phase

Record Count

(n)

Description / Specific Reason Bucket

Identification 4,417 Initial records retrieved across three scientific
databases: Scopus (n = 2,106), IEEE Xplore
(n = 1,206), and Web of Science (n = 1,105)

Duplication 2,669 Deduplication across databases via DOI and exact title
matching

Screening 1,748 Titles and abstracts screened against IC/EC criteria

(Title/ Abstract)

Excluded at Screening 824 Non-empirical (312), non-equity domains (284), non-
English/incomplete (228)

Eligibility (Full-Text) 924 Full-text articles assessed for detailed eligibility

Full-Text Excluded 239 Missing baseline comparisons (84), unverified metric
formulas (71), unresolvable data sources (48), insuffi-
cient methodological documentation (36)

Included Corpus 685 Primary empirical studies synthesized in full

SLR extraction matrix

Screening Identification

Eligibility

Included

database searching
(n=4,417)

Records identified from

¥

Duplicate records removed
(n = 1,686)

|

Records screened
(title & abstract)
(n=2,731)

l

Records excluded
(n=1,914)

R1 - Not AI/ML based: 208
R2 - Out of scope: 123
R3 - Not central ML
contribution: 1,456
R4 - Publication criteria
not met: 117
RS - Other: 10

for eligibility
(n = 817)

Full-text articles assessed

Full-text articles excluded
(n=132)

Studies included in review
(n = 685)

\

Document not retrievable
due to access: 65
Methodological or data
quality exclusions: 67

Fig. 1 PRISMA 2020 Flow Diagram for Systematic Review Selection Protocol.

1. Bibliographic identifiers: title, authors, year, venue (journal or conference),

publisher, DOI.

2. Financial domain: target equity market, geographic region, benchmark index,
whether the study covers a single equity, an index, or an ETF, sampling frequency
(tick, 1-minute, 5-minute, daily), sample duration, and total observation count.

3. Methodological architecture: baseline models, proposed models, model cate-
gory (shallow ML, deep sequential, hybrid, Transformer, GNN, LLM, DRL), feature
scaling method, number of technical indicators, textual sentiment source, and
hyperparameter optimization technique.
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Reproducibility and open science: whether a code availability statement exists,
the repository URL if any, how accessible the data is (Yahoo Finance, Kaggle,
proprietary), whether random seeds are reported, and software library versions.
Evaluation and backtesting: regression metrics reported (RMSE, MAE, MSE,
MAPE, R?), classification metrics (accuracy, precision, recall, F1, AUC, direc-
tional accuracy), financial metrics (returns, Sharpe, Sortino, maximum drawdown),
whether transaction costs were simulated (> 10 bps versus zero cost), and any
significance testing (ANOVA, t-test, Wilcoxon, Friedman, Diebold-Mariano).

4 Overview of the included corpus

4.1 Temporal Trajectory and Publication Velocity

Figure 2 plots the annual distribution of the 685 included studies from 2016 through
early 2026. Output grew in three fairly clean phases:

1.

Early exploration (2016-2019). Only 36 studies (5.3% of the corpus) date from
these four years (4, 7, 11, and 14 respectively), and most of them pit traditional
econometrics against early shallow ML (SVM, ANN, random forests) on single-
index data.

Deep learning consolidation (2020-2023). These four years contribute 181
studies (26.4%): 26 in 2020, 46 in 2021, 48 in 2022, and 61 in 2023. It was during this
stretch that recurrent architectures (LSTM, GRU, BiLSTM) and hybrid signal-
decomposition frameworks settled in as the standard benchmarks.

Frontier acceleration (2024-2026). The remaining 468 studies (68.3%) arrive
in a rush: 129 in 2024, 249 in 2025, and 90 in the covered part of 2026, driven by
transformer backbones, multimodal large language models, and automated trading
frameworks.

Annual Distribution and Growth Trajectory of Empirical Studies

249
250 A
Transformers & Multi-Modal
200 A LLM Surge
150 4
100 4

Recurrent DL Boom
(LSTM/GRU)

50

Number of Included Studies (N = 685)

2016 2017 2018 2019 2020 2021 2022 2023 2024 2025 2026*

Publication Year (2016-2026)

Fig. 2 Temporal Publication Trajectory of Primary Empirical Studies on AI/ML for Stock Market
Prediction (2016-2026, N = 685).
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4.2 Venue Quality Distribution

Does the post-2023 surge in publication volume (Section 4) reflect genuine research
output, or dilution from uncurated outlets? To check, we classified each of the 685
included studies by venue quality, using Journal Citation Reports (JCR) quartiles for
journals and CORE rankings (A*, A, B, C) for proceedings. 226 studies (33.0%) sit in
JCR Q1 journals and 197 (28.8%) in Q2, with 112 (16.4%) in Q3/Q4, 73 (10.7%) in
CORE-ranked A*/A /B conference proceedings, and 81 (11.8%) on curated preprint
servers, chiefly arXiv ¢s.LG and g-fin. The Q1/Q2 share among the 468 studies from
2024-2026 (59.6%) is close to the pre-2024 figure (62.0%), so the recent acceleration
has not dragged down the average venue quality of the corpus.

4.3 Geographical and Market Coverage

The corpus takes in mature developed markets and volatile emerging exchanges alike;
Table 5 gives the geographic breakdown.

Table 5 Geographic and Market Distribution of Included Studies (N = 685)

Market Region Studies (n, Primary Exchanges / Key Market Characteris-
%) Indices tics
United States 291 (42.5%) S&P 500, NASDAQ 100, DJIA, High liquidity, intense algo-
NYSE rithmic  competition, low
transaction friction
India 142 (20.7%) NSE Nifty 50, BSE Sensex High retail participation,

strong volatility, rich domes-
tic tech sector

China & East Asia 119 (17.4%) SSE Composite, SZSE, Hang  State intervention dynamics,
Seng, Nikkei 225 price limit bands (+10%),
distinct retail sentiment
Middle East & 46 (6.7%) Tadawul (TASI), DFM, ADX, Heavy commodity/oil depen-
North Africa EGX dence, Sharia compliance con-
straints, lower liquidity
Europe 42 (6.1%) FTSE 100, DAX 40, CAC 40, Mature institutional base,
Euro Stoxx 50 stringent ESG regulatory
reporting standards
Other Emerging 45 (6.6%) TSX (Canada), B3 (Brazil), Structural friction, currency
Markets IDX, Crypto/DeFi volatility, decentralized lig-
uidity pools

Regional empirical investigations also examine how institutional characteristics
alter trading dynamics. In Asian emerging markets, statutory daily price limit con-
straints (£10%) introduce non-linear magnet effects and delayed price discovery that
distort standard predictive models [205]. Liang et al. [191] tested algorithmic fund
and ETF rotation against China’s Shanghai Composite Index (SCI), finding that sys-
tematic quantitative rules outperform active discretionary fund managers under these
statutory limit constraints. In developed non-US equities, Blitz et al. [206] and Salotra
and Pinsky [196] examined factor anomalies and the Canadian TSX 60 over a 25-year
out-of-sample period (2000-2025), showing that tactical machine learning sector rota-
tion strategies preserve positive risk-adjusted returns after accounting for domestic
turnover costs.
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4.4 Asset Classes, Prediction Targets, and Input Modalities

Figure 3 shows how the literature distributes across asset classes, forecast horizons,
target formulations, and input modalities.

Comprehensive Corpus Demographics (N = 685)
(a) Target Asset Class Distribution

(b) Temporal Forecasting Horizon
Intraday (1m-60m)
Multi-Day Swim2 (10.5%
(5-30 Days)

55 (8.07

Broad-Market
Indices

295((43.1%)

Large-Cap 259 (37.8%
Single Equities ¢ )

Sector

o
Portfolios 68,(9.9%)

ext-Day (h = 1)
558 (81.5%)

ETFs 63 (9.2%)

0 100 200 300
Number of Studies

(c) Prediction Target Formulation

Directional (d) Input Data Modality Breakdown

i 0/
Classification 389 (56.8%)

Closing-Price

221 (32.3%)
Regression

Numerical Only

(OHLCYV + Technical Indicator
Multimodal 312 (45.5%)
(Text + Price Streams)

Log-Return 373 (54.5%)

54 (7.9%)
Regression

Direct RL

21 (3.1%
Execution 1 @:1%)

0 100 200 300 400
Number of Studies

Fig. 3 Comprehensive Corpus Demographics (N = 685): (a) Target Asset Class Distribution, (b)
Temporal Forecasting Horizon, (c¢) Prediction Target Formulation, and (d) Input Data Modality
Breakdown.

* Asset classes. Broad-market benchmark indices (S&P 500, Nifty 50, NASDAQ,
and the like) are the single most common target, at 43.1% of studies (295). Large-
cap single equities follow at 37.8% (259), then sector portfolios (9.9%, 68) and ETFs
(9.2%, 63).

* Horizons. Next-day (h = 1) forecasting dominates: 558 studies, or 81.5%. Intraday
horizons (1-minute to 60-minute ticks) appear in 72 studies (10.5%), and multi-day
swing horizons (h € [5,30] days) in 55 (8.0%).

e Target formulation. Directional classification, the question of whether Py will
exceed P, is the target in 389 studies (56.8%). The absolute closing-price regression
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accounts for 221 (32.3%), the log-return regression for 54 (7.9%), and the direct RL
portfolio execution for 21 (3.1%).

e Input modalities. A slight majority is observed, 373 studies (54.5%), mix the
unstructured text (news articles, corporate reports, Twitter sentiment) with the
numerical price streams; the remaining 312 (45.5%) work from OHLCV series and
the technical indicators alone.

The asset scope has also extended into alternative digital asset instruments and
multi-asset sector portfolios. In decentralized finance (DeF1i), perpetual futures exhibit
distinctive microstructure mechanics, where periodic funding rates and automated
liquidation engines drive volume and volatility dynamics [194, 207]. On the equity
side, Ben-David et al. [208] and Puppala et al. [193] showed a trade-off: sector ETFs
diversify away single-name idiosyncratic risk, yet basket arbitrage across assets also
carries systematic liquidity shocks into the constituent equities.

5 Architectural Taxonomy and Comparative
Performance

5.1 End-to-End Methodological Architecture

Figure 4 illustrates the common process for these types of studies. Each study goes
through five stages: collecting data from various sources, preprocessing the data, build-
ing a model based on the data, performing a trading simulation with the model and
validating the results of the model.

Before examining each of the architectural families individually, it is needed to
note that the rankings of these architectural families are based upon the results of
the primary studies on the topic and not any extra validation of those results by the
authors of this text. In the audits of the published literature on each of the architec-
tural families (Sections 7-8), it was found that over 92% of the literature published
on each family contained no source code, over 83% of the literature contained no
statistical tests of the hypotheses proposed within each study and fewer than 5% of
the literature published on each architectural family included defenses against poten-
tial lookahead filter and global normalization issues. So, while the literature on each
of the architectural families may appear to show that one is better than another at
solving certain problems, such an assessment is likely to be inaccurate. Each of the
architectural families is discussed in detail below.

1. Data 2. Preprocessing 3. Model 4. Trad- 5. Multi-
Modalities Cotine. Normatoan Taxonomy ing Engine Evaluation
. L] ollin lormalization

® OHLCV Price & Vol. . DWTg/ VMD / EMD e Shallow: GBDT/SVM @ Dynamic Pos. Sizing | ® Error: RMSE / MAE
® Tech. Indicators (85%) o TextRank / FinBERT ® Deep Seq: LSTM/GRU e Spread A & Slippage ® Trend: Acc / F1 / DA
® News & Sent. (55.1%) O Byiemie Erph @S ® Attn: Transformers/TFT ® Trans. Fees (> 10bps) ® Risk: Sharpe / MDD
e Supply Chain Graphs o Walk-Forward Splits e Dynamic Graph NNs @ Borrowing / Shorting ® Diebold-Mariano Test
® ESG / Macro Signals e LLM Agents / DRL ® Execution Latency T ® Friedman / Nemenyi

Adaptive Walk-Forward Retraining & Hyperparameter Optimization

Fig. 4 A Comprehensive End-to-End Pipeline of AT and Machine Learning Stock Market Prediction
Systems
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5.2 Econometric Baselines and Shallow Machine Learning

In this corpus, econometric methods mostly play the role of baseline: the thing every-
one tries to beat, rarely the contribution itself. AutoRegressive Integrated Moving
Average (ARIMA) models appear in 397 of the 685 studies (58.0%), Generalized
AutoRegressive Conditional Heteroskedasticity (GARCH) volatility models appear
in 190 (27.7%), and Ordinary Least Squares (OLS) or multivariate linear regres-
sion appear in 261 (38.1%) [51, 54, 79, 104, 147, 185]. Such models generally
suppose a constant mean, a linear dependence of the parameters, and innovations
that are homoskedastic and follow a Gaussian white-noise distribution. Formally, an
ARIMA (p, d, q) model passes the differenced prices A%y; = (1 — L)%y; via the lag
operator polynomial:

p q
(1 - Z@Li) 1-—L)Yy,=c+ |1+ ZejLJ’ £ (9)
=1

j=1

where LFy, = y,_x, ¢ is a drift term, ¢; and 0; are the autoregressive and moving
average coefficients, and &; ~ WN(0,0?) is white noise. To capture the volatility
clustering, the GARCH(p, q) specification models the conditional error variance o2 =

Var(e; | Fi—1) as:
q p
o} :W"‘Zaﬁ%ﬁ‘i'zfé’jaij (10)
i=1 j=1

subject to w > 0, a; > 0, 5; > 0, and the stationarity constraint > a; + > 5; < 1.

Linear econometric models are typically tractable, but they break down around
crashes, regime shifts, and nonlinear volatility feedback [1]. Worse, in the papers we
surveyed these baselines are almost always run with default lag settings and no rolling-
window re-estimation, a handicapped comparison that all but guarantees the proposed
non-linear model comes out ahead.

Shallow machine learning is the second pillar. Support Vector Machines (SVM)
turn up in 440 studies (64.2%) and Support Vector Regression (SVR) in 209
(30.5%); Artificial Neural Networks (ANN/MLP) in 430 (62.8%); Random Forests
in 363 (53.0%); Decision Trees in 274 (40.0%); XGBoost in 196 (28.6%); other gra-
dient boosting variants in 187 (27.3%); and K-Nearest Neighbors (KNN) in 148
(21.6%) [9, 34, 38-40, 50, 69, 73, 78, 80, 132, 175, 178].

SVR controls overfitting in high-dimensional feature spaces through Vapnik’s e-
insensitive structural risk minimization. Given training pairs {(x;, y;)}1, it solves
the primal convex quadratic program:

1, -
min = ||w|*+C P& 11
S g O3 6+ €) (1)

subject to y; — wlo(x;) — b < e+ &,
wio(x;) +b—y <e+&f,
6.6 >0, Vie{l,... ) (12)
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where ¢(-) maps inputs into a reproducing kernel Hilbert space via the Gaussian
Radial Basis Function (RBF) kernel K (x;,x;) = exp(—v||x; — x;||?), C > 0 sets the
regularization trade-off, and the slack variables &;, & penalize errors that escape the
e-tube.

Among the shallow methods, gradient-boosted decision tree ensembles (GBDT:
XGBoost, Light GBM, CatBoost) are consistently the strongest performers on tabular
financial features [75, 145, 151, 156, 170]. GBDT builds an additive expansion of M
trees, each fit against a second-order Taylor expansion of a differentiable loss L:

n

= [C(yi,ﬁﬁm_”) + gifm(x:) + %hifmxz—) +Qfm) (13)

i=1

where g; = g(mfl)ﬁ(yi,;&(m_l)) and h; = 8;(m_1)£(yi,;9(m_1)) are the first- and

second-order gradients of the loss, and Q(f,,) = 7T +3A ngl wfm penalizes tree size
and leaf weights. On benchmarks built purely from tabular technical indicators such
as RSI, MACD, stochastic oscillators, and Bollinger bands, tree ensembles routinely
match or beat deep networks, and do so at a fraction of the compute and tuning
cost [137, 176, 181].

Unsupervised learning also contributes structural priors for filtering the asset uni-
verse and building portfolios [209, 210]. Working with a 27-year sample of mutual
funds, Kaur and Pinsky [189] paired k-means clustering with Hamming distance
metrics to assess sectoral distinctiveness, and found that sector-level behavioral dis-
persion persists across market cycles, which gives feature grouping and pre-model
asset selection an objective footing.

5.3 Deep Sequential and Convolutional Architectures

The field defaults to deep sequence models. Long Short-Term Memory (LSTM) net-
works appear in 611 of the 685 studies (89.2%); general Recurrent Neural Network
(RNN) variants in 506 (73.9%); Gated Recurrent Units (GRU) in 293 (42.8%); Bidi-
rectional LSTMs (BiLSTM) in 190 (27.7%) [8, 27, 48, 59, 63, 89, 114, 116, 140, 174].
Convolutional Neural Networks (CNN) turn up in 458 studies (66.9%), sometimes as
1D temporal convolutions that pick out local momentum patterns, sometimes as 2D
filters run over encoded market images (Gramian Angular Fields, recurrence plots,
candlestick renderings) [2, 74, 118, 159, 163].

A plain RNN updates its hidden state as hy = tanh(Wp he—1 + Wypx; + by);
over long sequences the gradient product H;‘::t 41 % — 0 decays exponentially.
The LSTM answers with a cell state ¢, the constant error carousel, governed by three
multiplicative gates [27]:

fi =0 (Wix;+Ush,_1 +by) (Forget Gate: Discards redundant historical context)
(14)
ir=0c(W;x;+U;h;_1 + b)) (Input Gate: Scales incoming price innovations)
(15)
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¢; = tanh (W.x; + U.h; 1 + b,) (Candidate Cell: Formulates candidate memory vector)
(16)

c,=f0oOc_1+i;©¢ (Cell State: Linear gradient highway update)
(17)

o, =0 (Wyx; +U,h;_1 +b,) (Output Gate: Regulates hidden activation emission)
(18)

h; = o; ® tanh(cy) (Hidden State: Emits bounded sequence representation)
(19)

where o(2) = (1 + e *)7! is the logistic sigmoid, ® the Hadamard product, and
W € R&xde U € R¥*4n b e R the learnable weights and biases.

Two regularities have emerged from these studies. The first is that stateful LSTM
models outperform stateless models [121]. The second is that the depth of an LSTM
model saturates quickly, with two layers being the best depth for most datasets and
three or more layers leading to overfitting on the daily return data [136]. Finally,
a CNN-LSTM architecture with 1D dilated convolutional layers has been found to
outperform both the LSTM and CNN architectures alone, as the convolutional layers
can extract features from the data that are then fed into the LSTM model to make
predictions [130, 134, 182].

The constraints of these models are reflected in the results of direct benchmarks of
deep sequence networks on equity price movements (e.g., [211, 212]). Kundu and Pin-
sky [190] found that using a deep learning classifier to classify daily stock movements
was more accurate than using the raw price feed of the stock, especially when combined
with technical indicators based on the momentum of the stock’s price movement.

5.4 Hybrid Composition, Decomposition, and Metaheuristics

One design philosophy dominates empirical stock forecasting above all others:
hybridization. 424 of the 685 studies (61.9%) combine models in some fashion [45, 47,
52, 53, 6062, 87, 105]. Most implementations fall into one of three templates:

1. Multiscale signal decomposition front-ends. The non-stationary, multi-
frequency price series y(t) is split into K Intrinsic Mode Functions (IMFs) plus a
monotonic residual trend 7(t):

K
y(t) =Y IMFy(t) +r(t) (20)
k=1

via transforms such as the Discrete Wavelet Transform (DWT), Empirical Mode
Decomposition (EMD), Variational Mode Decomposition (VMD), or Complete
Ensemble EMD with Adaptive Noise (CEEMDAN) [83, 113, 139, 161, 172, 188].
Each component gets its own neural or tree predictor, and the component forecasts
are summed back into a price.

2. Heterogeneous stacking ensembles. The orthogonal model classes, say ARIMA
+ LightGBM + BiLLSTM, are blended through a meta-regressor (Ridge, MLP) or
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a Bayesian model averaging, the point being to keep forecast variance quite low as
volatility regimes shift [67, 129, 130, 182].

3. Metaheuristic hyperparameter search. Bio-inspired swarm optimizers such as
the Particle Swarm Optimization (PSO), the Mayfly Optimization (MAOA), the
Ivy Optimization, and the genetic algorithms are set loose on the non-convex loss
landscape to find weights, learning rates, and attention topologies [94, 115, 128,
138, 177].

5.5 Transformers, Attention, and Generative Models

Self-attention mechanisms appear in 245 studies (35.8%) and full Transformer archi-
tectures in 249 (36.4%); no model family in the corpus is growing faster [28, 55, 91,
100, 106, 153, 162, 168, 169]. Multi-head self-attention scores pairwise dependencies
across all temporal tokens at once:

MultiHead(Q, K, V) = Concat(heady, . .. ,head, )W, head; = softmax NG
k

(21)
where W& € Rimodaxdi WK ¢ Rdmoaerxdi WV g Rimodsrxdv  and WO ¢
Rhdv>dmodel are the linear projections.

Several variants target the finance-specific problems. Temporal Fusion Trans-
formers (TFT) combine variable selection networks with gated residual connections
so that the static metadata and dynamic series can be weighed against each
other [29, 143, 169]. Non-Stationary Transformers add de-stationary attention to cope
with the distribution shift [158]. At the other extreme, lightweight single-layer trans-
formers such as MiniBert24 trade depth for the lower overfitting risk and cheaper
inference [123, 217]. Deep Operator Neural Networks (DeepONet) usually handle
multi-horizon trajectories by learning operators over function spaces, and sidestepping
compounding recursive error [142, 184]. Generative Adversarial Networks show up in
99 studies (14.5%), where variants like TA-GAN and StockGAN synthesize return
distributions, mostly to stress-test models against tail shocks [56, 165, 187].

5.6 Sentiment, Graphs, and Frontier Paradigms

Textual sentiment features appear in 371 studies (54.2%) and deliver consistent short-
horizon directional gains over price-only models [19, 32, 36, 82, 93, 95, 108, 120, 125,
149, 154, 155, 160, 173]. While financial NLP was once about counting dictionary
keywords, as of now it has moved far beyond that. FInBERT, the first contextual
encoder to be applied to financial data, has been followed by LLMs, which have been
regularly used to analyze 10-K filings and earnings calls to assess the solvency of
companies and the tone of their management [6, 33, 58, 64, 157].

Multimodal fusion architectures feature in 113 studies (16.5%) [46, 84, 86, 88, 101].
Graph Neural Networks are found in 66 studies (9.6%) where the equity universe is
represented as a changing relational graph G; = (V, E;, W;) and graph convolutions
capture the supply chains, parent-subsidiary relationships and lead-lag relationships
between equity assets [22, 97, 99, 109, 117, 122, 127, 141, 144, 171]. This relates to
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inter-firm graph architectures that have been proposed [213, 214]. Studying the con-
stituents of the Dow Jones Industrial Average, Pattnaik, Jain and Pinsky [192] found
that separating the dependencies between the individual constituents from the tempo-
ral momentum of each constituent yields distinct risk-adjusted profiles, which supports
the inductive biases of spatial-temporal graph networks. Deep Reinforcement Learn-
ing is found in 176 studies (25.7%) [5, 57, 131, 146, 164, 180]. Deep Reinforcement
Learning does not use forecasting models but instead learns the policy for executing
transactions with associated costs through the reward signal. At the exploratory fringe
are a few entries for Quantum Machine Learning, including Quantum-Assisted LSTM
(QLSTM4FM) and Quantum Attention DQN (QADQN) [124, 167, 183]. Finally,
there are only 18 studies that feature Federated Learning (2.6%).

5.7 Comparative Synthesis and Empirical Conflicts

The performance of machine learning models was deliberately not pooled across
papers. Each paper used a different asset universe, time horizon, features and data
splitting processes. Only 116 papers (16.9%) conducted hypothesis testing of their
results. Table 6 presents the results of the classification models.

Three patterns nonetheless hold up across studies:

1. Where the task is regression-style price forecasting, the lowest nominal errors
(RMSE, MAE) belong to recurrent and hybrid deep architectures, CNN-LSTM
with attention being a typical example.

2. When the inputs are tabular technical indicators, a well-tuned gradient-boosted
tree (XGBoost, LightGBM, CatBoost) matches or beats the deep models on
directional hit rate, and does so with lower variance and far less compute.

3. Textual sentiment carries real alpha at short horizons, roughly intraday out to one
day ahead, but the signal decays quickly past that point.

A number of papers report directional accuracies of 90% or better. In a competitive
equity market, numbers like these read less like breakthroughs and more like symp-
toms, and the underlying condition is almost always data leakage somewhere in the
pipeline.

These comparative patterns therefore call for real methodological caution. When a
paper reports that deep sequence networks or signal-decomposition hybrids achieve the
lowest nominal errors, that result describes performance under conventional, unpurged
academic setups; it is not robust alpha. In multi-stage pipelines that put bidirectional
multiscale transforms (full-sample VMD, EMD, or DWT) in front of deep regressors,
the lower nominal error often traces back to lookahead leakage across test fold bound-
aries rather than to genuine sequence forecasting. Claimed wins over econometric
baselines carry a similar asterisk, flattered as they are by comparisons against un-
tuned, fixed-lag ARIMA implementations run without rolling re-estimation. Absent
open-source code verification, strictly purged temporal walk-forward evaluation, and
formal Diebold-Mariano tests against realistic random-walk baselines, nominal advan-
tages in the primary literature should not be mistaken for a statistically sound or
economically exploitable trading edge.
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Table 6 Comprehensive Architectural and Methodological Taxonomy of AI/ML Models for Stock
Market Prediction (N = 685)

Model Share Representative Dominant Primary Empirical
Family (n, %)  Studies Modality Evalua- Strengths &
tion Vulnerabilities
Econometric 397 ARIMA (147, Daily RMSE, High
Baselines (58.0%) 185], OHLCV MAE, interpretability;
GARCH [129]  Price AIC fails during
regime breaks and
non-linear shifts
Shallow 440 SVR [9, 178], Technical Acc, DA, Robust on small
ML / Ker- (64.2%) KNN {38}, Indicators RMSE samples; limited
nels MLP [50 representation of
long-range
sequences
Tree 363 XGBoost [170], Engineered Acc, F1, Dominant on
Ensembles  (53.0%) Light- Oscillators DA tabular features;
(GBDT) GBM [75] fast training;
non-sequential
inductive bias
Deep 611 LSTM [8,116], Multi-step RMSE, Captures
Recurrent  (89.2%) BiLSTM [140] OHLCV MAE, Acc  temporal
(LSTM) Sequences dependencies;
vulnerable to
Lag-1 shadowing
and overfitting
Convolutionald58 1D-CNN [2], Price RMSE, Invariant local
(CNN) (66.9%) 2D-MTF [74] Matrices, Acc, F1 momentum
GAF/MTF patterns; sensitive
to sliding kernel
width
Signal 424 VMD- Multiscale RMSE, Highest nominal
Hybrids (61.9%) LSTM [172], Decomposed ~ MAPE, point accuracy;
(VMD/DWT) CEEM- IMFs Acc acute risk of
DAN [60] lookahead filter
leakage
Attention 249 TFT [29, 169], Multivariate = RMSE, Captures multi-
/  Trans- (36.4%) MiniB- Price + Meta DA, horizon patterns;
formers ert24 [217] Sharpe high sample
complexity on
noisy returns
Textual 371 FinBERT [120], News, SEC Acc, F1, Boosts
Sentiment (54.2%) LLM Filings, Sharpe short-horizon
/ LLMs 10-K [157] Twitter alpha; high noise,
hallucination risk,
pre-train leakage
Spatial- 66 ML- Relational Acc, F1, Models cross-firm
Temporal (9.6%) GAT [144], Industry Returns risk contagion;
GNNs Lead-Lag [122]  Graphs high graph
construction
latency
Deep 176 PPO/SAC [5], Market State Sharpe, Directly optimizes
Rein- (25.7%) Dueling- + Order Return, trading policy;
forcement DQN [164] Book MDD sample inefficient;
Learning sensitive to fee

bounds
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6 Methodological Evolution and Emerging Paradigms

6.1 Chronological Trajectory and the Four Evolutionary

Epochs

The literature is heavily recent: 468 of the 685 studies (68.3%) appeared in the last
three years, 2024 through 2026. The number of studies each year grew from just a
few before 2020 (4, 7, 11, and 14 in 2016 to 2019) to 26, 46, 48, and 61 between 2020
and 2023. Then came the jump: 129 studies in 2024, 249 in 2025, and 90 so far in the
covered stretch of 2026.

Looking across the decade, four methodological periods stand out, each marked

by shifts in inductive bias, feature representation, and the computing power on hand.

1.

Epoch 1: classical econometric baselines (pre-2016). Quantitative forecast-
ing leaned on Box-Jenkins ARIMA and GARCH formulations [147, 185]: models
prized for tractability, stationarity, and parameters one could interpret. Rigidity
was the cost. Linear lag structures and Gaussian innovations have no way to repre-
sent sudden regime breaks, volatility-clustering feedback, or non-linear order book
dynamics.

Epoch 2: kernel machines and tabular feature engineering (2016-2019).
The field moved to supervised kernel learning: SVM, SVR with Gaussian RBF ker-
nels, Random Forests, and early gradient boosting [9, 132, 166, 175]. What defined
the period was the manual labor of feature engineering, with domain experts turn-
ing raw price feeds into momentum, trend, and volatility oscillators (RSI, MACD,
Bollinger bands, stochastic oscillators) so that market states could be separated
non-linearly and without a strict stationarity requirement.

Epoch 3: deep recurrent and convolutional sequence modeling (2020-
2023). Once TensorFlow, PyTorch, and affordable GPUs were in hand, the litera-
ture swung hard toward end-to-end sequence learning. LSTMs, GRUs, BiLSTMs,
and hybrid CNN-LSTM stacks became the installed default [8, 114, 118, 140, 163];
temporal features came straight from sliding lookback windows, and manual lag
selection quietly went away. In the same papers, multiscale decomposition front-
ends (DWT, VMD, CEEMDAN) spread as a denoising stage placed before the
sequence model.

Epoch 4: foundation models, relational graphs, and frontier paradigms
(2024-present). The current period is less a single trend than a diversifica-
tion. Transformers in several flavors (Temporal Fusion Transformers, PatchTST,
Non-Stationary Transformers) sit alongside financial-domain language models
(FinBERT, BloombergGPT, generative LLM reasoning agents), dynamic spatial-
temporal GNNs over supply chains and lead-lag spillovers, friction-penalized DRL
for execution, Explainable AT (SHAP, LIME, LRP), and a first wave of Quantum
Machine Learning (QML) [6, 122, 131, 135, 144, 167, 169, 171].
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6.2 Expansion of Data Modalities and Multimodal
Representation

The inputs have diversified along with the algorithms. Five modalities cover the
corpus:

e OHLCY price and volume feeds. Every one of the 685 studies starts here: open,
high, low, close, and volume histories.

¢ Engineered technical indicators. Momentum, volatility, and volume transfor-
mations (RSI, MACD, Bollinger bands, ATR, CCI, stochastic %K/%D) feature in
over 85% of the corpus [145, 170].

e Textual sentiment and corporate disclosures (371 studies, 54.2%).
Unstructured language drawn from news wires (Bloomberg, Reuters), social
microblogs (Twitter, StockTwits, Reddit), earnings call transcripts, and statutory
filings, chiefly SEC Forms 10-K and 10-Q [19, 148, 155, 157, 217].

* Inter-firm relational graphs (66 studies, 9.6%). Spatial-temporal graphs built
over explicit corporate ties (supply chains, customer-supplier links, shared direc-
torships, cross-holdings) alongside implicit market ties (return correlations, sector
co-movement, lead-lag diffusion) [22, 117, 122, 144, 171].

e Alternative, macroeconomic, and ESG signals. Everything else: ESG risk
ratings, macro series (policy rates, inflation, GDP growth, crude oil benchmarks),
satellite activity indices, and level-2 order book microstructure.

6.3 Mathematical Foundations of Emerging AI Paradigms
6.3.1 Dynamic Spatial-Temporal Graph Neural Networks

Standard ML and deep sequence models treat each equity as its own isolated, i.i.d.
time series, which throws away everything we know about cross-asset risk propagation
and inter-firm dependence. Dynamic Graph Neural Networks (GNNs) restore that
structure by treating the market as a dynamic attributed graph G; = (V, E;, Wy):
V = {v1,v9,...,un} is the universe of N listed firms, E; C V x V the time-varying
economic relationships, and W; € RV*¥ the dynamic adjacency matrix.

Writing hg,l) € R% for the latent representation of equity v at graph convolution
layer [, the spatial-temporal message-passing update is:

) =5 [@0hD + 3 00 hY (22)
u€eN; (v)

where N;(v) = {u € V | (u,v) € E;} is the first-order neighborhood of v at time ¢,
@gle)lf, (-)ggr € R%+1%d are learnable weights, and o(-) is an activation such as ELU

or LeakyReLU. The edge attention coefficient v, ¢, which measures how strongly
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information or shocks pass from firm w to firm v at that moment, comes from multi-
head graph attention:

exp (LeakyReLU (aT [@hg) I onY) I euv’t] )) (23)

Qyp,t =

3 ke (o) €XD (LeakyReLU (aT [@hﬁj) |end | ekv,t} ))

where ey, ¢ € R? holds edge attributes (rolling return correlation, supply-chain trans-
action volume, shared institutional ownership, and so on), a € R?%+1+d i5 3 learned
attention vector, and || is concatenation.

6.3.2 Contextual Large Language Models and Financial NLP

Financial text analysis has come a long way from dictionary-based sentiment scoring
(Loughran-McDonald, Harvard-IV) to contextual transformer encoders (FinBERT,
RoBERTa) and, most recently, generative LLMs (44 studies, 6.5%) [6, 157]. Where
a dictionary counts positive and negative words, a contextual model produces dense
token embeddings E = {ey, ..., er} that pick up the financial nuance buried in dense
regulatory filings: forward-looking guidance, managerial tone, and the like.

Given a disclosure T, say the Management’s Discussion and Analysis section of a
10-K, an instruction-tuned LLM with parameters ® produces directional probabilities
or risk ratings by autoregressive decoding:

M
P(y|T.P)=]] Po (wi | wei, T, P) (24)

i=1

where P is an in-context prompt with few-shot financial exemplars and w; the output
tokens. The zero-shot ability is impressive, but three vulnerabilities deserve empha-
sis. First, LLMs hallucinate quantitative figures, fabricating plausible-sounding price
targets or earnings numbers that have no factual basis. Second, commercial foun-
dation models suffer temporal lookahead contamination: their pre-training corpora
were scraped from a web that already knew how the “future” turned out. A model
trained on text published through 2025, for instance, has implicitly seen the trajec-
tory of the S&P 500 over that entire period; when it is then asked to “predict” 2023
prices in an academic backtest, its apparently strong zero-shot performance partly
reflects memorized outcomes rather than genuine inference. Third, and related, when
researchers fine-tune or prompt LLMs on historical financial datasets that overlap
with the model’s pre-training corpus, there is no clean separation between training
and test data at the foundation-model level, a form of data leakage that conventional
train/test splits cannot detect or prevent. We recommend that future LLM-based
studies report the model’s knowledge cutoff date, restrict backtesting to periods after
that cutoff, or use models with verifiably limited pre-training windows.
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6.3.3 Multimodal Cross-Attention Alignment and Fusion

Price series arrive on a clock; news arrives when something happens. Reconciling the
two is the job of cross-modal attention, used in 113 studies (16.8%) [46, 88, 101].
Let Znum € R™ X4 be price embeddings from a 1D-CNN or LSTM backbone and
Ziext € RTm>dm contextual embeddings of headlines that arrived within the lookback
window.

Cross-attention aligns the two by projecting numerical features as queries (Quum =
Z,,mWg) and textual features as keys and values (Kiext = Zitext Wk, Viext =
ZtextWV):

T
Z¢ross = softmax (Qnu\r;;l?ext) Viext (25)
The fused representation Zgyseqa = LayerNorm (Zpum + Zicross Wo ) lets a burst of high-
impact news reshape how the technical indicators are weighted, which is exactly the
behavior one wants around earnings announcements or macro shocks.

6.3.4 Friction-Aware Deep Reinforcement Learning for Execution
Policies

Deep Reinforcement Learning (DRL; 176 studies, 25.7%) casts market interaction as
a Markov Decision Process (MDP), the usual 5-tuple (S, .4, P, R,v) [5, 57, 131, 146,
164, 180]. At each timestep ¢ the agent observes the state s; € S (price lags, technical
indicators, order book depth, and its current allocation w;_; € A™) and acts by
choosing new target weights a; = w; € A over the N candidate equities.

A realistic reward r; € R docks gross returns for both proportional transaction
fees and non-linear market impact:

_ T S (1AW Vooris | vowls
Tt = Wy Ty — Ctranust - Wtlel — Cimpact Z_Zl (AD\/Z,[») — AvarWy tWt
(26)
where 1441 € RY is the vector of returns over (t,t 4+ 1], ctrans the transaction cost
coefficient (5 to 15 basis points is typical), Vpor,+ the portfolio’s equity value, ADV, ,
average daily volume, and 3; the asset covariance matrix weighted by risk aversion
Avar- The policy g is then fit with policy-gradient methods, Proximal Policy Opti-
mization (PPO) and Soft Actor-Critic (SAC) chief among them, to maximize the
expected discounted reward J(0) = E, ., [Etho Yiry).

Whether trained DRL agents actually beat strong non-RL allocation benchmarks
once distributions shift is the critical empirical question in this space. Deep RL learns
flexible execution policies in frictionless simulation, but Zhang et al. [215] and Théate
and Ernst [216] both document marked performance decay when test-period volatility
regimes drift away from the training history. Salotra and Pinsky [195] took this up in
a walk-forward commodity sector rotation framework, pitting learned policies against
expert selection rules and frozen-policy temporal extensions. The verdict: agents adapt
while training, but frozen out-of-sample execution exposes policy degradation, and
disciplined rule-based baselines match or beat RL returns once transaction fees and
parameter turnover are penalized.
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6.3.5 Explainable AI and Attribution Frameworks

Partly to satisfy regulators (the EU Artificial Intelligence Act, SEC algorithmic risk
guidance) and partly for basic transparency, 389 studies (56.8%) fold in Explainable
AT (XAT) methods [77, 120, 133, 152]. SHAP (Shapley Additive Explanations) is the
workhorse: it computes the marginal contribution ¢;(f,x) of feature j averaged over
all subsets S C F\ {j}:

ISF] = IS[ = 1)!
7!

¢i(f,x)= > [fo(SULY) = £o(S)] (27)

SCF\{s}

with local accuracy, missingness, and consistency guaranteed by construction. In prac-
tice this lets an analyst say which indicator (the 14-day RSI rather than the 50-day
SMA, say) or which sentiment dimension pushed a given signal bullish or bearish.

Table 7 summarizes the inductive biases, strengths, and characteristic failure
modes of these emerging paradigms side by side.

7 Reproducibility: Code, Data, and Methodological
Transparency

7.1 Corpus-Wide Open Science and Transparency Audit

A comprehensive audit of open science practices across all 685 synthesized empirical
studies reveals a substantial reproducibility deficit in applied computational finance.
Scientific reproducibility requires that independent researchers possess the compu-
tational artifacts (source code, environment configurations, deterministic random
seeds) and underlying data required to execute the published pipelines and replicate
empirical findings.

Across our systematic evaluation, only 52 of the 685 studies (7.6%) provide an
explicit code availability statement referencing a public, resolvable, and accessible
source code repository (e.g., GitHub, Zenodo, OSF, or institutional server) [43, 65,
76, 90, 107, 110-112, 126].

A further 372 studies (54.3%) rely on publicly downloadable secondary
datasets—with the free Yahoo Finance API utilized in 287 studies (41.9%) and bench-
mark Kaggle datasets in 80 studies (11.7%)—but omit source code, data cleaning
routines, train/validation split timestamps, and hyperparameter grids. In these stud-
ies, exact feature normalization formulas, lag crafting, and model initialization cannot
be reconstructed with high fidelity. Finally, 261 studies (38.1%) provide no detected
code or data accessibility information whatsoever, or include boilerplate statements
asserting that data is “available from the corresponding author upon reasonable
request” without providing functional access [119, 122, 132, 141, 161, 171, 172, 186].

7.2 The Three-Tier Reproducibility Hierarchy

We formalize a Three-Tier Reproducibility Hierarchy to classify the transparency of
primary literature:
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Table 7 Comparative Taxonomy of Emerging AI/ML Paradigms in Stock Forecasting (N = 685

Studies)
Paradigm Studies Primary Inductive Key Advantages Primary
(n, %) Bias Limitations
/ Risks
Explainable Al 391 Feature attribution & Post-hoc transparency; High com-
(XAI) (57.1%) rule extraction audits feature importance  putational
(SHAP, LRP) overhead;
explanations
can be unsta-
ble across
regimes
Transformers 249 Multi-head temporal Parallel training; captures Risk of over-
(36.4%) self-attention long-range multi-horizon  fitting on
dependencies short finan-
cial series;
quadratic
attention com-
plexity
Deep RL 176 Markov Decision Pro- Directly optimizes trad- Sample ineffi-
(25.7%) cess (MDP) optimiza- ing rewards and dynamic  ciency; highly
tion position sizing sensitive to
reward func-
tion design
and slippage
Multimodal 113 Cross-modal represen- Combines tabular prices Modality
Fusion (16.5%) tation alignment with qualitative news and  alignment
narrative signals latency; asyn-
chronous
update fre-
quencies
Generative Al 99 Adversarial  distribu- Synthetic scenario gener- Mode collapse;
(GAN/Diff) (14.5%) tion estimation ation; models heavy tails  generated dis-
and flash crash risks tributions may
lack real arbi-
trage bounds
Graph NNs 67 (9.8%) Spatial-temporal rela-  Models supply chain con-  Relational
(GNN) tional topology tagion and sector-wide  graphs
risk propagation are non-
stationary;
high graph
construction
latency
LLM Reasoning 44 (6.4%)  Zero/few-shot seman-  Extracts forward-looking  Hallucination
tic reasoning managerial sentiment risk; looka-
from statutory 10-K fil- head leakage
ings in pre-training
corpora
Federated Learn- 18 (2.6%)  Distributed privacy- Enables multi-institution = Communication
ing preserving learning model training without bottlenecks;
sharing proprietary order non-IID data
books distribution

across institu-
tions

* Tier 1: Fully Executable Implementations (n = 52, 7.6%): Studies provid-
ing publicly accessible code repositories accompanied by open-access data, exact
software dependencies (e.g., Python ‘requirements.txt‘ or Docker containers), data
preprocessing scripts, and deterministic random seed specifications. This is the gold
standard for scientific replicability.
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» Tier 2: Re-Collectable but Unverified Pipelines (n = 372, 54.3%): Studies
built on free public data feeds (Yahoo Finance, FRED) that release no source code.
The raw price series can be pulled again, but the exact feature scaling parameters,
lag structures, and optimization paths admit no external verification.

* Tier 3: Proprietary and Opaque Studies (n = 261, 38.1%): Implementa-
tions running on commercial order books (Bloomberg/Refinitiv), private intraday
feeds, or proprietary social media scrapes, with neither code nor raw data released;
independent empirical audit is impossible.

7.3 Methodological Threats to Scientific Validity

Code accessibility is not the whole story: our audit surfaces five pervasive method-
ological flaws that undercut empirical validity across the surveyed literature. Table 8
formalizes these threats, their mathematical mechanisms of leakage, and recommended
mitigation protocols.

7.4 Detailed Analysis of Data Leakage Vectors
7.4.1 Pre-Split Global Feature Scaling

A widespread procedural defect in applied machine learning involves computing Min-
Max scaling or Z-score normalization parameters across the entire historical panel
before partitioning into training, validation, and testing sets [150, 179]. When a Min-
Max scaler transforms raw price series 4 € [Zmin, Tmax] using global extrema:

jt _ Ty — MNrc1,7] L7 (28)

maXre1,1) Tr — min‘re[l,T] Tr

the maximum and minimum values of the unseen future test set directly scale historical
training observations. Consequently, if a massive market breakout occurs in the test
period, the historical training values are compressed into an artificially tight numerical
band, providing the neural network with an implicit lookahead signal regarding future
price extremes. Scalers must be fit strictly on in-sample training folds Diain and
subsequently applied to transform Diest without parameter re-estimation.

7.4.2 Multiscale Signal Decomposition Look-Ahead Bias

Applying multiscale signal transforms (DWT, EMD, VMD, CEEMDAN) across the
entire time series prior to temporal partitioning represents another severe leakage
vector [139, 188]. Signal decomposition algorithms solve global optimization problems
across the entire sequence length T'. Because the resulting Intrinsic Mode Functions
(IMFs) are computed using bidirectional smoothing kernels, high-frequency turning
points in the out-of-sample test window leak backward into the training IMFs. When
individual IMFs are fed into LSTM or CNN models, the neural network learns to
predict signals that have already been smoothed using future price data, generating
deceptively high directional hit rates (> 95%) that completely collapse in live forward
testing. Signal decomposition must be executed strictly within rolling walk-forward
windows.
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Table 8 Methodological Threat and Data Leakage Matrix in Stock Prediction Studies (N = 685)

Threat Vector

Mathematical
Mechanism

Leakage

Corpus

Share

Empirical Conse-

quence

Mandatory
Miti-
gation
Protocol

Pre-Split Global
Normalization

Signal Decom-
position

Look-Ahead

Constituent Sur-
vivorship Bias

Static Single-Split
Overfitting

Frictionless Exe-
cution Neglect

Scaling  via  full  series

statistics: T =
@y —ming <, <7 7

max| <, <7 T7-MiN|<,<T 7

Computing DWT/VMD
across full time-
line: IMF (t) =

fjooo y(T)Yr, e (T)dT

Benchmarking on current
index panel: Seval = {s €
Indexr} ignoring delistings

Hyperparameter search
on static split: 6% =
argming £(Dval | Dirain)

Assuming zero-cost fills at

Prp1—Pe
P,

close: Rt = without

A or fees

~

~

~

Q

64%

42%

78%

83%

51%

Leaks future test dis-
tribution bounds into
training; inflates direc-
tional accuracy

Bidirectional filter ker-
nels leak future test
price shocks into past
training IMFs

Eliminates  bankrupt
and liquidated equi-
ties; biases reported
returns upward

Overfits to single mar-
ket regime; fails during
out-of-sample struc-
tural regime shifts

Yields illusory trad-
ing profits that become
negative under realis-
tic market friction

Fit scaler
strictly
on Dirain:
trans-
form Drest
using his-
torical
in-sample
parame-
ters only
Execute
decom-
position
within
rolling
walk-
forward
expanding
windows
only
Utilize
point-
in-time
con-
stituent
panels
includ-
ing all
historical
delisted
assets
Enforce
Purged
Group
Time-
Series
‘Walk-
Forward
Cross-
Validation
Incorporate
transac-
tion fees
(> 10
bps), bid-
ask spread
A, and
slippage
models

7.4.3 Survivorship and Liquidity Selection Bias

Over 78% of synthesized empirical studies construct benchmark datasets by extract-
ing historical price series for the current constituent list of major equity indices (e.g.,
downloading 2016-2026 data for the 500 current constituents of the S&P 500). This
practice introduces severe survivorship bias: companies that suffered catastrophic
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bankruptcy, liquidation, or regulatory delisting during the 10-year sample window are
excluded from the test panel. Train and test only on the corporate survivors, and the
dataset skews toward positive long-run return drift and lower volatility, which inflates
reported model profitability and Sharpe ratios.

The practical fix is point-in-time constituent panels: reconstruct the index mem-
bership as it stood on each historical date, keeping every firm that was later delisted,
acquired, or moved to over-the-counter markets. For the S&P 500 specifically, the Cen-
ter for Research in Security Prices (CRSP) database provides historical constituent
lists with exact entry and exit dates, as does Compustat’s index constituent history
file. For studies relying on free data sources such as Yahoo Finance, no built-in mech-
anism exists to recover delisted tickers, which means that researchers using Yahoo
Finance snapshots of current index members are especially exposed to this bias.
Among the 291 U.S.-focused studies in our corpus, 248 (85.2%) use Yahoo Finance as
their primary data source and none of these studies documents any attempt to recon-
struct historical constituent panels, making survivorship bias nearly universal in the
U.S. sub-corpus.

7.5 Formal Methodological Quality Assessment

We operationalized the five data-leakage threat vectors identified in Table 8 as a binary
quality checklist applied to each of the 685 included studies. Each study received
a score from 0 (no leakage guard reported) to 5 (all five guards explicitly docu-
mented), where one point was awarded for each of the following: (i) train-only scaler
fitting with no global normalization, (ii) rolling or expanding-window signal decom-
position rather than full-series decomposition, (iii) point-in-time constituent panels
that include delisted equities, (iv) purged walk-forward or time-series cross-validation
rather than a single static split, and (v) transaction cost simulation of at least 10 basis
points. Across the corpus, the median quality score is 1 out of 5 (IQR: 0-2). Only 32
studies (4.7%) score 4 or above, and no study in the corpus satisfies all five criteria
simultaneously. The 52 Tier-1 reproducible studies (Section 7) achieve a median score
of 2, which is higher than the Tier-2 and Tier-3 medians (1 and 0 respectively), but
still well short of full methodological soundness. Table 9 reports the score distribution.

Table 9 Distribution of Methodological Quality Scores Across
the Corpus (N = 685)

Quality Score 0 1 2 3 4 5 Total
Studies (n) 198 224 142 89 28 4 685
Share (%) 289 327 207 13.0 4.1 0.6 100.0
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8 Evaluation Metrics: Current Landscape, Adoption,
and Standardization Gaps

8.1 Comprehensive Catalog of Evaluation Metrics

Evaluation practices in stock market prediction span three distinct mathematical cat-
egories: (i) statistical regression error metrics, (ii) classification and trend prediction
metrics, and (iii) financial risk-adjusted trading metrics.

8.1.1 Statistical Regression Error Metrics

Regression models forecast continuous future prices §; or returns 7;. Given n test
period observations:

Root Mean Squared Error (RMSE) = (29)
Mean Absolute Error (MAE) = 1 En:| i — Uil (30)
T £ Yi —Yi
1< R
Mean Squared Error (MSE) = - Z; (yi — 9:)° (31)
100 <~ | yi — G
Mean Absolute Percentage Error (MAPE) = — Z == (32)
n Yi

i=1
e

8.1.2 Classification and Trend Movement Metrics

Coefficient of Determination (R?) =1 —

Classification models forecast discrete market movement directions y; € {0,1} (where
1 denotes an upward price movement P;11 > P, and 0 denotes a downward movement).
Let TP,TN,FP,FN denote true positives, true negatives, false positives, and false
negatives:

TP+TN
11 A = 4
Overall Accuracy TPITN L FP L FN (34)
TP TP
Precision = ————— l=———
recision TP+ PP Reca TP+ FN
(35)
Fl1-Score — 2 Precision - Recall 2T P
i ~ 7 Precision + Recall 2TP + FP + FN
(36)

TP -TN —-FP-FN

Matthews Correlation Coefficient (MCC) = TP L FP TP T FN)(TN T PPN - F )
+

(37)
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1 n
Directional Accuracy (DA) = — E 1 (sign(y; — yi—1) == sign(g; — yi—1))
n
i=1

(38)

8.1.3 Financial and Risk-Adjusted Trading Metrics

To evaluate genuine economic utility, predicted price signals are converted into
simulated trading portfolios generating daily return series R, ;:

T

Cumulative Return (CR) = H(l +Ry.)—1 (39)
t=1

Annualized Sharpe Ratio (SR) = /252 - By — By (40)

o(Ry)
Sortino Ratio (SoR) = v/252 - = fy — By > (41)
\/% Zt:l min (07 Rp7t - Rtarget)
cena Ve — Vi
Maximum Drawdown (MDD) = max (max SEy t) (42)
te[1,T] max ey ¢ Vi

where Ry is the risk-free rate, Riarget is the minimum acceptable benchmark return,
and V; = Vo []%_,(1 + R,,) represents the portfolio equity curve.

=1

8.2 Empirical Distribution and Metric Adoption Rates

Our empirical audit of the 685 synthesized primary studies reveals a severe structural
imbalance in evaluation metric adoption:

* Classification Metrics: Overall Accuracy is reported in 674 studies (98.4%),
Precision in 375 studies (54.7%), Recall in 175 studies (25.5%), F1-Score in 171 stud-
ies (25.0%), AUC-ROC in 120 studies (17.5%), and explicitly labeled Directional
Accuracy in 87 studies (12.7%) [137, 152, 156, 166, 171].

* Regression Error Metrics: RMSE appears in 467 studies (68.2%), MAE in 411
studies (60.0%), MSE in 376 studies (54.9%), MAPE in 291 studies (42.5%), and
R? in 282 studies (41.2%) [113, 114, 119, 121, 130, 151, 165).

¢ Financial and Trading Metrics: Cumulative Returns or simulated trading profit
appear in 336 studies (49.1%), the Sharpe Ratio appears in 97 studies (14.2%),
Maximum Drawdown (MDD) appears in 56 studies (8.2%), and the Sortino Ratio
appears in only 6 studies (0.9%) [31, 35, 37, 41, 56, 96, 98, 117, 122, 144, 146, 161,
172, 186, 217].

Approximately 45.8% of the synthesized literature reports zero financial or eco-
nomic metrics of any kind, evaluating financial forecasting models exclusively through
statistical point-accuracy criteria.

32



8.3 The “Lag-1 Shadowing Trap” and Metric Pitfalls

A widespread vulnerability identified across regression-based studies is the Lag-1 Shad-
owing Trap. Consider a financial price series modeled as a random walk with drift:
Yt = Y1 + p1 + &, where ¢, ~ N(0,02) and 02 < Var(y). A trivial naive persistence
model §; = y;—1 produces an explained variance metric:

R2—1_ Z?:l(yt — il?t)2 -1 na?

Sis(we—9)?  Var(y)

— 1.0 asn— o0 (43)

yielding an ostensibly near-perfect fit (R? > 0.98) and low RMSE simply by out-
putting the previous day’s closing price. However, the directional prediction hit rate for
future returns sign(y; — y¢—1) remains 50% (pure chance), generating zero actionable
trading alpha in practice.

The standard statistical metrics also carry mathematical limitations of their own:

* Scale Dependence: RMSE and MAE are unscaled, nominal quantities. An RMSE
of 2.5 on a $50 stock is a 5% error; the same RMSE on a $1,000 stock is 0.25%, so
cross-asset comparisons mean nothing without volatility scaling.

* MAPE Singularity: As target asset returns approach zero (y; — 0), the MAPE
denominator goes to zero with them and the metric becomes explosively unstable.

e Symmetric Loss Distortion: Quadratic losses (MSE) charge over-prediction and
under-prediction the same, which ignores the sharp financial asymmetry between
suffering a downside capital drawdown and merely missing an upside rally.

8.4 Economic Feasibility: Execution Frictions, Slippage, and
Drawdown

In this study, we looked at 336 studies that reported trading returns. We found that
most of them assumed ideal trading conditions that are very different from what
happens in real markets. For example, they assumed that trades could always be made
at the exact closing price, with no transaction and brokerage fees, no price changes
between placing and executing an order (slippage: difference between the expected
price of a trade and the actual price at which the trade is executed), and no limits on
how much could be bought or sold (assumes unlimited money).

In real stock markets, trading costs can quickly reduce the profits that a model
appears to make on paper. For example, even a transaction cost of 5 to 15 basis points
per trade, along with the bid-ask spread, can have a large impact when a strategy
trades frequently. A strategy that shows a 15% to 20% return before costs may actually
lose money after accounting for trading costs, frequent buying and selling, and the
cost of borrowing stocks for short selling [146, 167].

Owing to the above mentioned reason, a model should not be judged only by
how much money it makes. It is also important to look at how much risk it takes
to generate those returns. Measures such as the Sharpe (investment’s return per unit
of total risk compared to risk free asset) and Sortino (nvestment’s return relative
to its downside risk, ignoring positive upside volatility) ratios help assess this, while
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Maximum Drawdown shows how much an investor could lose if market goes in opposite
direction.

One another issue we identified during the study is how these models are compared
with other investment strategies. Many studies compare their models only with a
simple buy-and-hold strategy and do not include other realistic portfolio strategies as
benchmarks. Puppala et al. [193], for example, studied sector rotation using S&P 500
sector ETFs and compared the usual strategy of investing in the best-performing
sectors with strategies that selected average performing or poorly performing sectors.
They found that the average performing approach achieved similar overall returns
while requiring much less buying and selling and experiencing smaller losses during
downturns. Benchmarking machine learning trading agents against robust, turnover-
efficient rules such as median sector rotation provides a more reliable assessment of
genuine economic value than comparisons against unadjusted market indices.

8.5 Statistical Hypothesis Testing and Econometric Validation

Formal statistical hypothesis testing is reported in only 116 of the 685 studies (16.9%).
Among studies reporting significance tests: ANOVA appears in 50 studies (7.3%),
Student’s t-tests in 30 studies (4.4%), non-parametric Friedman / Nemenyi post-hoc
tests in 24 studies (3.5%), Wilcoxon signed-rank tests in 18 studies (2.6%), and the
econometric Diebold-Mariano forecast comparison test appears in only 17 studies
(2.5%) [42, 44, 66-68, 70-72, 81, 83, 85, 92, 102, 103].

Given two competing model forecast error series e; ; = y: —91,+ and ez ¢ = yr — Yo ¢,
the loss differential is defined as dy = L(e1,1) — L(e2,t). The Diebold-Mariano test
evaluates the null hypothesis of equal predictive accuracy Hy : E[d;] = 0 via the test
statistic:

d

Spar = 2 N(0,1) (44)
\/ % (G0 +250 )

where d = % Z;‘F:l d, A is the sample autocovariance of d; at lag k, and h is the
forecast horizon. For multi-model rankings across M distinct benchmark assets, the
non-parametric Friedman test evaluates average rank differences R;:

2 K(K+1)°
- —— (45)

followed by the Nemenyi post-hoc test with critical difference threshold CD =

K(K+1)
a 6M
estimates alone, without establishing whether reported margins are statistically

distinguishable from random noise.

. Over 83% of reviewed papers assert model superiority from raw point
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9 Cross-Cutting Thematic Discussion

9.1 The Architectural Complexity vs. Evidential Rigor
Paradox

if we put the research findings from all four RQs side by side, we see that one structural
dichotomy sits at the center of financial artificial intelligence, which is architectural
model complexity is accelerating while empirical rigor, validation discipline, and open
science practice stand still.

Across all four RQs, we see that same problem keeps surfacing, architectures have
evolved and grown sophisticated, but the empirical and technical rigor, validation
standards, and open science habits around them have not moved by the same measure.
Over the last decade (2016 - 2026), we are able to conclude that financial research
migrated from basic econometric models and kernel machines to transformers, multi-
graph neural networks, deep reinforcement learning agents, and even Agentic AT (RQ1,
RQ2). During the study, we found that only 8% of studies share working source code or
a reproducible computational setup (RQ3).We also saw that more than 83% never ran
formal econometric hypothesis tests, and nearly 47% never discuss how their models
would perform under real trading conditions. It does not come as a surprise when
studies report 90% directional accuracy, but most of them use private data splits that
look good on paper but aren’t reproducible.

In other areas of machine learning, standardized open benchmarks (such as Ima-
geNet, GLUE, and SQuAD) and fixed evaluation servers guarantee transparent and
reproducible comparisons. In quantitative finance, the absence of universally accepted
open-access benchmarks lets researchers choose advantageous historical periods, asset
subsets, and data splits, a practice which often makes new models look like they out-
perform baseline ones. And since trading strategies have commercial value, industry
professionals are reluctant to share their production pipelines, so academic research
has to rely on small datasets and unverified model innovations.

9.2 Regime Non-Stationarity, Market Reflexivity, and
Overfitting Realities

Financial time series have a low signal-to-noise ratio, exhibit fat tails, experience
changes in volatility, and undergo regime shifts. In competitive equity markets, as
the Adaptive Market Hypothesis explains, simple patterns are rapidly arbitraged by
institutional participants. Financial markets are also, by their nature, reflexive, as
George Soros points out: algorithmic models that take advantage of market patterns
can alter price dynamics, so historical signals cease to have predictive value over time.

Many deep neural networks achieve high in-sample and single-test-split accuracy
because they overfit to particular historical market conditions or take advantage of
data leakage during preprocessing. When faced with new market situations, such as
changes in interest rates, liquidity crises, geopolitical events, or flash crashes, unregu-
larized models generally fail to generalize. Models optimized for stable bull markets,
for instance, tend to make incorrect price assessments when volatility rises. In practical
finance, developing predictive models that are robust to changing market conditions
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and have stable causal representations matters more than small gains in accuracy on
static datasets.

9.3 Institutional Hurdles: Explainability Mandates,
Low-Latency Constraints, and Systemic Risk

Institutional asset managers and quantitative hedge funds increasingly deploy machine
learning for automated signal generation and real-time capital allocation. However,
regulatory frameworks impose strict governance, auditability, and pre-trade risk
controls on algorithmic trading systems. While equity forecasting models are not
categorized as high-risk systems under Annex IIT of the European Union Artificial
Intelligence Act (Regulation 2024/1689)—which restricts its high-risk designation
to domains such as critical infrastructure, biometric identification, creditworthiness
assessment, and employment evaluation—algorithmic trading is governed by special-
ized capital markets regulations. In the European Union, the Markets in Financial
Instruments Directive II (MiFID II, Directive 2014/65/EU, Article 17) and its Regu-
latory Technical Standard 6 (RT'S 6) mandate continuous algorithmic stress-testing,
pre-trade price and volume collars, automated kill switches, and comprehensive
audit logs of order generations. In the United States, SEC Rule 15¢3-5 (the Market
Access Rule) similarly requires broker-dealers to maintain deterministic financial and
regulatory risk controls to prevent the entry of erroneous algorithmic orders and mit-
igate systemic flash crashes. Because deep sequence networks and complex ensemble
pipelines operate as opaque black boxes, institutional desks face acute compliance
hurdles under MiFID II and SEC mandates when models cannot provide verifiable
feature attributions, bounded behavioral guarantees, or transparent risk controls.

In order to help institutions adopt these systems, it is useful to combine explain-
able Al techniques such as SHAP, Layer-wise Relevance Propagation, and rule-based
recurrent units with risk models. Even though a lot of research points to the use of
complex multi-stage models, for example VMD-CEEMDAN-CNN-BILSTM-Attention
stacks optimised with metaheuristics, these are generally too slow for high-frequency
or intraday trading. In such cases the models have to operate in less than a millisec-
ond, which means that multi-stage pipelines will only function if they are greatly
simplified and make use of hardware acceleration.

9.4 The Four-Pillar Standardization Protocol

To transition financial Al from fragmented ad-hoc experimentation toward an institu-
tional, cumulative empirical science, we establish a standardized Four-Pillar Reporting
Protocol for future research:

9.4.1 Pillar 1: Deterministic Open Science Mandate

Authors must include in their submission public repository links, for example those
from GitHub or Zenodo, which provide runnable code, the exact package versions
obtained using Docker or Conda, the data preprocessing steps, and a fixed ran-
dom seed. In the case where commercial rules make it impossible to share the raw
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price data, the authors must offer synthetic datasets together with clear instructions
enabling others to get the data for themselves.

9.4.2 Pillar 2: Purged Walk-Forward Temporal Validation

Don’t apply static single splits or process the whole dataset at one time; instead, carry
out normalization, feature engineering, and signal decomposition solely within the
rolling windows in order to prevent the use of future information. When preparing the
validation folds, include purge and embargo periods between the training and testing
phases to avoid any leakage of information and to reduce serial correlation.

9.4.3 Pillar 3: Econometric and Statistical Significance Testing

The superiority of models can only be demonstrated through formal econometric
hypothesis testing. When comparing models in pairs, the authors should provide the
Diebold-Mariano test statistics (including the multi-step autocovariance corrections),
and when assessing multiple models across a range of assets, they should use non-
parametric Friedman and Nemenyi post-hoc tests. Point estimates that do not include
variance bounds or significance levels should be considered unverified.

9.4.4 Pillar 4: Risk-Adjusted and Friction-Aware Economic
Backtesting

Predictive models presented in studies need to be tested in trading simulations that
reflect real market conditions, not clean backtests. For testing in scenarios that reflect
real markets, researchers need to factor in bid-ask spreads that change every minute,
transaction costs involved, which are at least 10 basis points, slippage penalties tied to
trade volume, and realistic borrowing constraints. Post addressing the factors outlines,
model performance should be evaluated by using risk-adjusted metrics including but
not limied to annualized Sharpe ratio, Sortino ratio, maximum drawdown, and Calmar
ratio. These measured provide us with a more meaningful assessment of the nodel’s
financial performance and risk. RMSE and MSE are quite useful for model tuning and
predictive accuracy but they fail to offer much insight on if the model can actually
generate profitable returns on investment.

Once these factors have been addressed, performance should be judged using
risk-adjusted metrics such as the annualized Sharpe ratio, Sortino ratio, maximum
drawdown, and Calmar ratio. RMSE and MSE help with tuning; on the question of
whether the model actually makes money, they are nearly silent.

10 Limitations of this review

This review is, to date, the largest empirical synthesis in computational finance (N =
685), but, as saying goes, every coin has two sides. While the scale of review acts
as strength, yet is also comes with methodological constraints and scope boundaries
worth a discussion:

37



10.1 Methodological Heterogeneity and Meta-Analytic
Constraints

A formal quantitative meta-analysis based on pooled effect sizes and forest plots
was not statistically appropriate because the studies in the literature are highly
heterogeneous. In particular:

1. The asset universes vary substantially: The studies examine very different
types of financial assets, ranging from highly liquid indices such as the S&P 500
and NASDAQ 100 to thinly traded individual stocks on emerging market exchanges
in Dhaka, Tehran, and Colombo. These markets differ a lot in terms of market
liquidity, noise, and trading constraints, which makes direct comparison of effect
estimates very difficult.

2. Temporal designs are not standardized: The studies also use different time
horizons and experimental setups. Sample periods used in the studies range from
just six months of tick data to 25 years of macroeconomic data. In a similar manner,
train/test splits vary across studies, with 70/30, 80/20, and 90/10 being commonly
used, while values for rolling window lengths and other temporal validation schemes
are equally inconsistent.

3. The problem is that studies don’t even measure the same thing the same way.
Directional accuracy, RMSE, and annualized returns get calculated with different
formulas, on unscaled price levels, and under different assumptions about execution,
so the numbers aren’t really comparable to begin with.

We considered conducting bounded sub-sample meta-regressions on the subset of
studies targeting the S&P 500 daily close with directional accuracy as the primary
metric (n &~ 94). However, even within this ostensibly homogeneous subset, the
training/test split ratios, lookback window lengths, feature sets, and normalization
procedures vary so widely that pooling effect sizes would produce a composite esti-
mate whose confidence interval spans the entire plausible range. We therefore report
qualitative synthesis and vote-counting of comparative rankings (Section 5) rather
than quantitative pooled effect sizes.

10.2 Partial 2026 Temporal Window

The systematic search procedure included empirical studies that were published from
January 2026 up to the early part of 2026 (a total of n = 89 studies). Although
this allows for a synthesis of the most recent developments in Large Language Model
reasoning and dynamic graph architectures, the group of studies from 2026 provides
an up-to-date view of a publication year that is still in progress.

10.3 Publication Bias in Primary Literature

Recent trends in computational finance show a clear bias for publishing results with
positive outcomes. We found that most studies claimed that new architectures, includ-
ing but not limited to transformers and multimodal neural networks, outperform
benchmark models; however, negative results, failed deep learning experiments, and
substantial losses incurred during previous market crashes are rarely reported. This
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failure to report such cases can create a misleading view of the actual performance in
the literature. Even the studies that reported moderate gains over traditional models
did not specify where the developed model is lacking or underperforms compared to
the traditional ones.

11 Future Research Directions

Drawing upon our comprehensive empirical synthesis and identified standardization
gaps, we outline six high-priority future research directions for computational finance
and applied artificial intelligence:

11.1 Unified Open-Access Financial Benchmarking Suites

Just as there is ImageNet in computer vision and GLUE in natural language pro-
cessing, computational finance must have opensource, standardized benchmark suites.
The benchmarks should make use of fixed equity universes in order to prevent sur-
vivorship bias, provide standard rolling splits for training, validation, and testing,
and also include automated tools for measuring both statistical loss and economic
performance under various market conditions.

11.2 Causal Discovery and Invariant Predictive Mechanisms

Most present day deep neural networks rely on statistical correlations, a method
that tends to fail during market shocks. Research in the future should make use of
causal discovery techniques, such as structural equation modeling, invariant causal
prediction, and do calculus, in order to identify stable relationships between company
fundamentals, macroeconomic indicators, and price formation that remain valid under
varying market conditions.

11.3 Heterogeneous Dynamic Graph Neural Networks

Future studies should design dynamic Graph Neural Networks that move beyond the
use of static sector groupings and instead make use of diverse, multi-relational market
graphs; by incorporating data such as supply chain vulnerabilities, institutional cross-
holdings, corporate litigation networks, and high-frequency order book correlations,
the models will be able to better monitor how financial risks and contagion spread
across sectors in real time.

11.4 Financial Multimodal Foundation Models and Generative
Al

Establishing financial foundation models trained on a unified multimodal dataset that
combines high-frequency order book data, structured financial reports, SEC 10-K fil-
ings, earnings call audio and published reports, and financial news in various languages
represents a significant advancement. It is important to use temporal retrieval aug-
mented generation and apply strict chronological attention masking to reduce LLM
hallucinations and lookahead bias.
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11.5 Friction-Aware and Risk-Constrained Reinforcement
Learning

Optimization models for future trading should incorporate realistic execution mechan-
ics as one of their objectives; rather than merely assessing point forecasts, researchers
should make use of constrained reinforcement learning agents which seek to enhance
risk-adjusted returns, for example, those based on the Sortino and Sharpe ratios, while
at the same time imposing penalties for high portfolio turnover, market impact, and
large drawdowns within borrowing and liquidity limits.

11.6 Privacy-Preserving Federated Learning and Open Science
Ecosystems

Establishing mandatory code and data sharing policies across computational finance
journals will be essential to resolving the domain’s reproducibility crisis. Further-
more, privacy-preserving federated learning architectures offer a viable path for
multi-institutional collaboration, enabling quantitative institutions to train shared
forecasting models across proprietary institutional order books without compromising
confidential trading strategies or customer data.

12 Conclusion

12.1 Synthesis of Empirical Findings

This systematic literature review conducted an exhaustive, PRISMA 2020-compliant
synthesis of 685 primary empirical studies on artificial intelligence and machine learn-
ing techniques for stock market prediction published across the 2016-2026 decade.
Our empirical findings demonstrate that recurrent deep sequence architectures repre-
sent the installed default across the literature, with LSTM appearing in 611 studies
(89.2%) and hybrid ensembling in 424 studies (61.9%). The recent triennium exhibits
rapid acceleration in Explainable AT (391 studies, 57.1%), multi-head self-attention
Transformers (249 studies, 36.4%), and multimodal NLP sentiment integration (113
studies, 16.5%).

12.2 The Empirical Rigor Imperative

Although algorithms are becoming more complex, the empirical foundation remains
weak. Only 7.6% of the audited studies made their source code available to ensure
reproducibility and verification of the results. Over 83% of the studies reviewed did
not use formal econometric hypothesis testing, and 45.8% did not evaluate financial
or economic utility. Recurring problems, among them pre-split global normalization
leakage, lookahead bias in multiscale signal decomposition, and survivorship bias,
routinely leave the reported performance numbers inflated.

12.3 Strategic Roadmap for the Discipline

To establish financial artificial intelligence as a rigorous, cumulative empirical sci-
ence, the research community must transition from chasing marginal point-accuracy
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improvements on single static splits toward adopting deterministic open science
standards, rolling walk-forward validation protocols, formal econometric hypothesis
testing, and friction-aware economic evaluation. Adopting the Four-Pillar Standard-
ization Protocol established in this review will ensure that future AI breakthroughs
translate into reproducible, robust, and economically viable financial applications.
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