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Introduction
The contemporary AI literature in �inance has expanded 

rapidly, but its conceptual organization is less clear than its 
technical growth. Bibliometric reviews show a sustained shift 
from early applications in credit scoring and bankruptcy pre-
diction toward market prediction, portfolio construction, 
fraud detection, textual analytics, and, more recently, explain-
able �inance and sustainable �inance (Ahmed et al., 2022; 
Goodell et al., 2021; Chen et al., 2023). Even within this broad 

�ield, however, many studies still operate inside narrow tech-
nical silos. Forecasting papers focus on directional accuracy, 
regression loss, or benchmark beating. Portfolio studies em-
phasize Sharpe ratios or drawdown control. ESG and corpo-
rate �inance studies examine ratings, �inancing frictions, or 
disclosure quality. What is often missing is a unifying inter-
pretation of AI as a decision infrastructure rather than a col-
lection of isolated algorithms.

This review starts from the proposition that AI in �inancial 
decision-making has two foundational research lines. The 
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�irst is market prediction: identifying exploitable patterns in 
prices, returns, volatility, sentiment, and cross-sectional rela-
tions. The second is �irm-level feature identi�ication: using 
structured �inancial variables, disclosures, and sustainability 
indicators to infer latent �irm characteristics such as �inancial 
constraints, governance quality, default risk, or ESG standing. 
The distinction matters because the �irst line usually targets 
tradable signals under short decision cycles, whereas the sec-
ond line often targets slower-moving attributes that affect 
capital allocation, cost of capital, �inancing access, and strate-
gic valuation (Sezer et al., 2020; Gupta et al., 2020; Mai et al., 
2019; Lin & Hsu, 2023).

The two lines are analytically distinct but operationally 
connected. Asset pricing and portfolio construction depend 
not only on return forecasts but also on information about 
�irms’ balance sheets, �inancing capacity, exposure to sustain-
ability risks, and disclosure credibility. Likewise, ESG analysis 
is no longer con�ined to normative screening. It increasingly 
enters expected-return models, downside-risk analysis, and 
strategic asset allocation because investors now treat sustain-
ability information as a component of risk transmission, re-
silience, and regulatory exposure (Friede et al., 2015; Berg et 
al., 2022; Christensen et al., 2022; Amel-Zadeh & Serafeim, 
2018). From this perspective, AI does not merely predict 
prices; it also transforms corporate attributes into investable 
signals.

The �irst problem that pushed �inance toward AI was the 
persistent mismatch between the statistical complexity of �i-
nancial data and the simplifying assumptions of classical 
models. Financial time series are noisy, weakly nonstationary, 
heteroskedastic, heavy-tailed, and exposed to regime shifts. 
Linear models remain useful because of their transparency 
and parsimonious structure, but they often struggle when sig-
nal generation depends on nonlinear interactions, temporal 
memory, or multimodal data. Deep learning entered �inance 
largely by promising richer function approximation for such 
environments, especially in tasks where historical prices, 
market microstructure information, or textual sentiment in-
teract in nonlinear ways (Fischer & Krauss, 2018; Krauss et 
al., 2017; Bao et al., 2017). Yet the record is mixed. AI models 
can improve benchmark performance in speci�ic samples, but 
they also amplify model risk, over�itting, and sensitivity to 
regime change. The implication is that better prediction is not 
synonymous with better decision-making.

The second problem is that �inance is not only about pre-
dicting the next return. Most important decisions are con-
strained optimization problems. Investors must translate be-
liefs into weights under transaction costs, turnover limits, fac-
tor exposures, risk budgets, liquidity constraints, and gover-
nance requirements. Corporate �inance researchers face a 
parallel challenge: they must translate noisy indicators into 
inferences about �inancing constraints, sustainability perfor-
mance, and capital market access. In both contexts, AI sits up-
stream of the �inal decision rule. A forecasting model is there-
fore only one component of a longer chain that includes target 

de�inition, state representation, optimization, rebalancing, 
and ex post evaluation (Markowitz, 1952; Kolm et al., 2014; 
Ban et al., 2018).

A third reason to reconsider the �ield at a higher level is 
the rise of sustainable �inance. The empirical literature now 
shows that ESG information affects investor demand, access 
to �inance, cost of capital, bank lending conditions, �irm risk, 
and crisis-period resilience, although the magnitude and di-
rection of effects depend heavily on materiality, rating 
methodology, and institutional setting (Cheng et al., 2014; El 
Ghoul et al., 2011; Goss & Roberts, 2011; Albuquerque et al., 
2019; Lins et al., 2017; Albuquerque et al., 2020). This shift 
has created a new role for AI. Algorithms are being used to 
predict ESG ratings, extract sustainability signals from disclo-
sures, reconcile rating divergence, and identify heterogeneity 
across �irms and markets. The practical signi�icance is clear: 
once ESG moves from peripheral screening to core �inancial 
analysis, AI applications in �inance must connect return pre-
diction with �irm-level sustainability inference.

The objective of this review is therefore not to juxtapose 
two unrelated papers on LSTM-based portfolio optimization 
and �inancing constraints with ESG ratings. Instead, it uses 
them as entry points into a larger analytical structure. The pa-
per by Li and Liu illustrates a common AI-�inance work�low: 
generate forecasts with a recurrent network, then feed pre-
dictions into portfolio optimization (Li & Liu, 2023). The pa-
per by Liu illustrates the �irm-side line: construct a �inancing-
constraint indicator and estimate its association with ESG rat-
ings in the Chinese stock market (Liu, 2022). Taken together, 
these papers point to a more general question: how should AI 
be used when �inancial decision-making requires both short-
horizon market prediction and slower-moving inference 
about �irm quality, sustainability, and �inancing frictions? 
These two studies are retained throughout the review as focal 
anchor papers: Li and Liu (2023) on LSTM-based portfolio 
optimization, and Liu (2022) on �inancing constraints and 
ESG ratings in the Chinese stock market.

The review proceeds in eight sections. Section 2 synthe-
sizes forecasting methods, from ARIMA-style baselines to re-
current networks, transformers, and hybrid models. Section 3 
discusses how predictions are translated into portfolio deci-
sions, emphasizing the gap between predictive accuracy and 
out-of-sample allocation performance. Section 4 reviews the 
AI literature on corporate �inance and sustainable �inance, fo-
cusing on �inancial constraints, ESG ratings, and �irm hetero-
geneity. Section 5 examines data sources and measurement 
issues, including market data, �inancial statements, ESG 
scores, texts, and alternative data. Section 6 compares predic-
tive and explanatory models, especially under high-stakes �i-
nancial decisions. Section 7 assesses limitations and risks, in-
cluding over�itting, sample dependence, interpretability, and 
institutional context. Section 8 concludes by proposing a 
more integrated research agenda in which forecasting, alloca-
tion, and ESG-related �irm analysis are jointly modeled.
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Financial Time-Series Forecasting Methods: 
from ARIMA to LSTM, Transformers, and 
Hybrid Models

The forecasting literature in �inance predates contempo-
rary AI by decades, and any serious review must begin by rec-
ognizing why classical econometric models remain relevant. 
Linear autoregressive frameworks, ARIMA-type models, and 
volatility models endure because they encode explicit as-
sumptions about persistence, differencing, and conditional 
variance. They provide interpretable baselines, strong diag-
nostics, and relatively low estimation variance. In noisy �inan-
cial environments, these virtues are substantial. Many AI 
studies still benchmark against linear time-series models be-
cause the real question is not whether neural networks can �it 
complex functions in-sample, but whether they deliver deci-
sion-relevant gains after accounting for instability, transac-
tion costs, and changing regimes (Sezer et al., 2020; Patel et 
al., 2015).

Nevertheless, the attraction of machine learning in fore-
casting is easy to understand. Financial variables often exhibit 
nonlinear relations, threshold effects, and interactions across 
prices, volume, sentiment, and macro signals. Early machine-
learning forecasting studies therefore used support vector 
machines, feedforward neural networks, and tree-based 
methods to relax linear restrictions while preserving manage-
able training costs (Kara et al., 2011; Patel et al., 2015). These 
models often improved directional classi�ication or short-
horizon return prediction, especially when the problem was 
framed as movement classi�ication rather than precise point 
forecasting. Yet their limitations were also clear. Static ma-
chine-learning models do not naturally represent long-range 
temporal dependence, and their performance deteriorates 
when hand-engineered features fail to capture evolving mar-
ket structure.

Recurrent neural networks, and especially long short-term 
memory models, became in�luential because they addressed 
this temporal limitation. LSTM architectures introduced gated 
memory mechanisms that can, in principle, retain relevant in-
formation over longer sequences while �iltering noise. In �i-
nance, this made them attractive for predicting prices, re-
turns, and volatility from historical windows of market data 
(Fischer & Krauss, 2018; Bao et al., 2017). The main empirical 
appeal of LSTM is not that �inancial series become suddenly 
predictable, but that sequence models can absorb richer lag 
structures and nonlinear dependence than conventional re-
gressions. The paper by Li and Liu �its squarely within this 
tradition: it uses LSTM-generated forecasts as inputs to port-
folio choice, representing the widespread belief that better 
temporal representation can improve downstream allocation 
(Li & Liu, 2023).

Even here, however, caution is required. The strongest re-
sults in LSTM-based �inance often arise in speci�ic samples, 
universes, or forecast horizons. Sequence models can exploit 
artifacts of market microstructure, training-window selec-
tion, or benchmark construction. They also require careful 
choices about sequence length, normalization, retraining fre-
quency, and label de�inition. The literature therefore shows 

both promise and fragility. Fischer and Krauss report that 
LSTM models can outperform traditional classi�iers in cross-
sectional stock selection, while Bao and colleagues show 
gains in time-series forecasting when LSTM is combined with 
stacked autoencoders (Fischer & Krauss, 2018; Bao et al., 
2017). At the same time, review studies emphasize that per-
formance heterogeneity across datasets is large, and apparent 
gains often shrink once costs, turnover, or different market 
conditions are considered (Sezer et al., 2020).

A second development concerns ensemble and hybrid 
models. Rather than treating a single algorithm as suf�icient, 
many studies now combine predictive modules with opti-
mization or feature-selection layers. Ma and colleagues inte-
grate machine-learning and deep-learning return prediction 
with mean–variance and omega portfolio models, while Chen 
and colleagues combine an improved XGBoost prediction 
stage with downstream mean–variance selection (Ma et al., 
2021; Chen et al., 2021). Ta and colleagues similarly use 
LSTM-based prediction as an upstream component in quanti-
tative trading and portfolio formation (Ta et al., 2020). The 
logic behind such hybrids is straightforward. Prediction and 
decision are different tasks, and separating them may im-
prove overall system performance. A dedicated prediction 
block can identify candidate assets or expected returns, while 
an optimization block imposes diversi�ication and risk con-
trol.

Transformers introduced a new stage in this literature. 
Originally developed for natural language processing, they re-
placed recurrent computation with attention mechanisms 
that can model long-range dependence more ef�iciently and 
�lexibly. Time-series variants such as Informer were designed 
speci�ically for long-sequence forecasting, which is especially 
appealing when �inancial prediction uses multivariate histo-
ries, irregular patterns, or multimodal inputs (Zhou et al., 
2021). In theory, transformer models can identify relevant 
time points or features without compressing all temporal in-
formation into a �ixed hidden state. In practice, they may out-
perform recurrent models when the series is suf�iciently long 
and when cross-variable relations matter. Yet their �inancial 
advantage is still conditional. Transformers are data hungry, 
computationally costly, and harder to regularize in low signal-
to-noise environments. Their theoretical �lexibility may ex-
ceed the information content of the data they are given.

Another major extension of forecasting is the incorpora-
tion of text and sentiment. Financial prices do not move only 
because of lagged returns. News, earnings calls, annual re-
ports, social media sentiment, and management disclosures 
all shape expectations. Tetlock’s study on media content re-
mains foundational because it shows that textual negativity 
helps explain market behavior beyond price history (Tetlock, 
2007). Bollen and colleagues later extend this line to social 
media mood, while more recent reviews document a broad 
�ield of �inance-oriented text mining (Bollen et al., 2011; 
Gupta et al., 2020). The methodological implication is that 
forecasting should be viewed as a representation problem. 
Market data provide one representation of state; text pro-
vides another. AI becomes valuable not merely through non-
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linear �itting, but through the ability to combine heteroge-
neous data sources.

This multimodal logic is especially important for �irm-
level prediction tasks. Mai and colleagues demonstrate that 
textual disclosures improve bankruptcy prediction, suggest-
ing that narrative information contains signals about corpo-
rate quality that structured ratios alone cannot capture (Mai 
et al., 2019). The same lesson applies to sustainability analy-
sis. ESG controversies, governance practices, and �inancing 
frictions may be only partially observable in accounting vari-
ables but more fully re�lected in disclosure patterns, tone, and 
unstructured corporate communication. Thus, the forecasting 
literature and the �irm-feature literature are already converg-
ing at the level of data representation, even when they are still 
treated as separate sub�ields.

What, then, is the correct benchmark for forecasting suc-
cess? A common mistake is to focus on statistical metrics in 
isolation. Lower root-mean-squared error or higher direc-
tional accuracy does not automatically improve decisions. Fi-
nancial forecasts are useful only to the extent that they im-
prove ranking, screening, timing, or hedging after costs and 
constraints. This is why the literature increasingly empha-
sizes economic evaluation rather than purely statistical evalu-
ation. A model that slightly improves predictive loss but gen-
erates unstable weights and high turnover may be less useful 
than a simpler model with weaker raw accuracy but better 
decision stability (DeMiguel et al., 2009; Kolm et al., 2014). 
The same principle applies to corporate �inance forecasting: 
better ESG-score prediction is valuable only if it improves in-
ference about �inancing conditions, valuation, or sustainabil-
ity risk.

A further issue is target de�inition. Many studies use next-
day return prediction, but �inance offers multiple possible tar-
gets: direction, abnormal return, volatility, drawdown, tail 
loss, distress probability, or ESG-score change. Different tar-
gets imply different loss functions and different notions of 
success. A model optimized for one-step return prediction 
may be irrelevant for long-horizon strategic allocation. Like-
wise, a model that predicts aggregate ESG scores may miss 
material subdimensions, while a �inancial-constraint model 
may work for manufacturing �irms but fail for digital �irms 
with intangible-heavy balance sheets. Target selection is 
therefore not a technical detail. It de�ines the decision prob-
lem the model is actually solving.

In summary, the evolution from ARIMA-style models to 
LSTM, transformers, and hybrids re�lects a real broadening of 
representational capacity, but not a universal solution to �i-
nancial forecasting. The strongest lesson of the literature is 
comparative rather than triumphalist. Classical econometric 
models remain indispensable as transparent baselines. Ma-
chine-learning models are useful when nonlinearities and fea-
ture interactions matter. Sequence models are useful when 
temporal structure is central. Transformer architectures are 
promising when long-range dependency and multimodal in-
tegration become important. Hybrid systems are attractive 
when the forecasting stage must be tightly linked to screening 
or optimization. The real frontier is therefore not one supe-
rior algorithm but the design of forecasting systems matched 

to the data, horizon, and decision rule under study (Sezer et 
al., 2020; Fischer & Krauss, 2018; Zhou et al., 2021).

From Prediction to Allocation: Portfolio 
Optimization, Risk–Return Trade-off, and 
Dynamic Rebalancing

Portfolio optimization is the point at which �inancial pre-
diction becomes an actionable decision. This stage is theoreti-
cally older than AI, but AI has changed both its inputs and its 
structure. Modern portfolio theory, beginning with 
Markowitz, formalized asset allocation as a trade-off between 
expected return and variance (Markowitz, 1952). Sharpe’s as-
set-pricing framework further linked expected returns to sys-
tematic risk, helping establish the canonical structure of risk-
adjusted choice (Sharpe, 1964). Yet decades of empirical 
work have shown that the practical implementation of mean–
variance optimization is plagued by estimation error. Small 
changes in expected returns or covariances can generate un-
stable, concentrated, and economically implausible weights. 
This is one reason why naive diversi�ication can outperform 
optimized portfolios out of sample (DeMiguel et al., 2009).

AI enters this problem in two main ways. First, it can im-
prove the estimates that feed an optimizer. Instead of using 
historical mean returns, one may use machine-learning fore-
casts. Instead of relying on sample covariances, one may use 
shrinkage estimators, latent factor models, or learned risk 
structures. Second, AI can modify the allocation rule itself. 
Rather than solving a static mean–variance problem, one can 
use reinforcement learning or online learning to choose se-
quential portfolio actions directly (Ban et al., 2018; Yang, 
2023; Li & Hoi, 2014).

The literature on AI-assisted portfolio formation often be-
gins by inserting forecasts into classical optimizers. Li and Liu 
represent a straightforward version of this approach: LSTM 
outputs are used within maximum-Sharpe and minimum-
variance frameworks (Li & Liu, 2023). Ma and colleagues pro-
vide a broader comparison by combining return prediction 
from random forests, support vector regression, LSTM, and 
other models with mean–variance and omega optimization 
(Ma et al., 2021). Chen and colleagues build a two-stage sys-
tem in which an XGBoost-based prediction block selects 
promising assets before a mean–variance allocator deter-
mines weights (Chen et al., 2021). Ta and colleagues similarly 
embed LSTM prediction into a portfolio construction work-
�low (Ta et al., 2020). These studies share a common assump-
tion: that improved predictive information can be translated 
into superior portfolios if optimization controls risk.

This assumption is reasonable but incomplete. The central 
challenge is not only prediction quality but forecast usability. 
Portfolio construction is highly sensitive to forecast error. A 
small upward bias in expected returns can induce excessive 
concentration; a slight ranking error can push the optimizer 
toward high-turnover positions with weak economic value. 
For this reason, many practical systems use AI for ranking or 
preselection rather than exact return estimation. The ma-
chine-learning block �ilters the asset universe or produces ro-
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bust relative scores, and the optimizer then imposes diversi�i-
cation constraints. Ban and colleagues formalize this connec-
tion by studying the interaction between machine learning 
and portfolio optimization more generally (Ban et al., 2018).

Risk estimation is equally important. Sample covariance 
matrices are notoriously unstable in high dimensions, espe-
cially when the number of assets is large relative to the length 
of history. Ledoit and Wolf’s shrinkage estimators remain 
central because they improve conditioning and reduce esti-
mation variance, which often matters more for realized per-
formance than marginal improvements in expected-return 
forecasts (Ledoit & Wolf, 2004a; Ledoit & Wolf, 2004b). In 
practical terms, AI-based portfolio models that boast sophisti-
cated return prediction but rely on naıv̈e covariance estima-
tion may still fail out of sample. This is one of the most under-
appreciated points in the recent literature: portfolio perfor-
mance is a joint function of alpha estimation, risk estimation, 
and execution rules, not of predictive architecture alone 
(Kolm et al., 2014).

An alternative tradition shifts attention from mean–vari-
ance optimization to risk budgeting and diversi�ication struc-
tures. Risk parity and equal risk contribution portfolios allo-
cate capital by balancing risk contributions rather than maxi-
mizing forecast-adjusted utility. Maillard and colleagues ana-
lyze the properties of equally weighted risk contribution port-
folios, while Roncalli and Weisang extend risk parity toward 
risk-factor formulations (Maillard et al., 2010; Roncalli & 
Weisang, 2016). López de Prado introduces hierarchical risk 
parity, which uses clustering and recursive bisection to avoid 
some of the instability associated with inverting noisy covari-
ance matrices (López de Prado, 2016). These approaches are 
highly relevant to AI because they show that richer prediction 
is not the only route to better portfolios. Sometimes the key 
gain comes from more robust structural diversi�ication rather 
than more aggressive expected-return estimation.

Online and reinforcement-learning approaches go further 
by replacing the static optimizer with a sequential decision 
process. In online portfolio selection, the algorithm updates 
weights iteratively as new information arrives. Li and Hoi sur-
vey this tradition and show how follow-the-winner, follow-
the-loser, pattern-matching, and meta-learning strategies can 
all be interpreted within a uni�ied sequential decision frame-
work (Li & Hoi, 2014). Li and colleagues’ moving average re-
version strategy exempli�ies the use of online learning ideas 
in allocation, where the core intuition is that mean reversion 
can be exploited over multiple periods without explicitly fore-
casting full return distributions (Li et al., 2015).

Deep reinforcement learning extends this logic by treating 
portfolio management as a dynamic control problem. The 
agent learns a policy that maps the current state to portfolio 
weights while optimizing long-run reward, usually some func-
tion of return and risk. Deng and colleagues provide an in�lu-
ential early example of deep direct reinforcement learning for 
trading signals and allocation (Deng et al., 2017). More recent 
work by Yang develops a task-context mutual actor–critic 
framework for portfolio management, and Guan and Liu focus 
on explaining the behavior of deep reinforcement-learning 
agents in the portfolio setting (Yang, 2023; Guan & Liu, 2021). 

These studies are important because they relax the separa-
tion between prediction and optimization. The agent does not 
�irst predict returns and then solve a portfolio problem; it 
learns allocation actions directly from reward feedback.

This direct approach has several attractions. It can incor-
porate transaction costs, delayed rewards, and path depen-
dence more naturally than one-shot optimization. It also 
aligns well with dynamic rebalancing, where the value of a 
trade depends on future states, not merely on current ex-
pected return. Yet reinforcement learning also ampli�ies some 
of �inance’s hardest identi�ication problems. Reward func-
tions may be misspeci�ied, exploration is dif�icult in nonsta-
tionary markets, and learned strategies may over�it historical 
dynamics that are not repeatable. Performance can look im-
pressive in backtests while depending heavily on environ-
ment design, feature engineering, or training-window luck. 
For this reason, reinforcement learning in �inance remains 
promising but methodologically demanding rather than ma-
ture.

A critical issue throughout this literature is the difference 
between statistical forecasting gains and realized utility gains. 
A model may improve prediction in a regression sense yet fail 
to improve investor welfare because of turnover, estimation 
error, concentration, or slippage. Conversely, a model with 
mediocre point forecasts may still improve portfolio decisions 
by ranking assets better, stabilizing exposures, or avoiding ex-
treme losses. This is why evaluation should move beyond raw 
predictive metrics toward realized Sharpe ratios, drawdowns, 
turnover-adjusted returns, tail risk, and robustness across 
regimes (Kolm et al., 2014; DeMiguel et al., 2009). The most 
meaningful contribution of AI to portfolio optimization is 
therefore not simply better forecasting, but better integration 
of signal extraction with robust decision rules.

The LSTM-based portfolio paper included in the present 
review is useful precisely because it illustrates both the prom-
ise and the limits of the prediction-to-allocation pipeline (Li & 
Liu, 2023). The promise lies in combining nonlinear sequence 
learning with standard portfolio rules. The limit is that the 
framework still depends on assumptions about the stability of 
forecast quality, the appropriateness of maximum-Sharpe or 
minimum-variance objectives, and the transferability of sam-
ple-speci�ic gains. Similar comments apply to many recent 
portfolio studies. The �ield is progressing, but the key bottle-
neck remains economic robustness rather than architectural 
novelty.

The strongest current direction is likely a layered design. 
In such a design, prediction models generate robust expected-
return or ranking signals; risk models provide stabilized co-
variance or factor estimates; allocation modules impose di-
versi�ication, turnover, and ESG constraints; and rebalancing 
policies are learned or calibrated under explicit cost assump-
tions. This view is more realistic than the search for a single 
end-to-end algorithm. It also connects naturally to sustain-
able �inance, because ESG characteristics can enter the alloca-
tion layer as constraints, penalties, or state variables rather 
than as a separate normative overlay (Friede et al., 2015; Berg 
et al., 2022).
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Corporate Finance and Sustainability 
Analysis

If market forecasting is the �irst main line of AI in �inance, 
�irm-level feature identi�ication is the second. This line in-
cludes bankruptcy prediction, credit risk, disclosure analysis, 
�inancing constraints, governance assessment, and ESG-score 
prediction. Its central task is to infer economically meaningful 
�irm characteristics from large, noisy, and heterogeneous 
data. In recent years, sustainable �inance has moved this line 
to the center of the �ield because ESG performance is now 
linked to capital allocation, risk management, and valuation 
rather than only to ethical screening (Friede et al., 2015; 
Amel-Zadeh & Serafeim, 2018).

The empirical case for the �inancial relevance of ESG is 
now extensive but not uniform. Meta-evidence indicates that 
a large share of studies report a nonnegative association be-
tween ESG and �inancial performance, though effect sizes vary 
by design, period, and outcome measure (Friede et al., 2015). 
More speci�ic studies show that corporate social responsibil-
ity is associated with improved access to �inance, lower costs 
of capital, and lower loan spreads under some conditions 
(Cheng et al., 2014; El Ghoul et al., 2011; Goss & Roberts, 
2011). ESG-related behavior also appears linked to lower �irm 
risk and stronger resilience during crisis episodes (Albu-
querque et al., 2019; Lins et al., 2017; Albuquerque et al., 
2020). These �indings have made ESG information �inancially 
consequential even for investors without explicit social man-
dates.

At the same time, the ESG literature also highlights deep 
measurement problems. ESG ratings diverge substantially 
across providers because they differ in scope, indicators, 
weights, and treatment of controversies (Berg et al., 2022; 
Christensen et al., 2022). This creates an immediate opportu-
nity for AI but also a methodological warning. Machine-learn-
ing models can predict provider-speci�ic scores with reason-
able accuracy, as demonstrated in studies such as Lin and Hsu, 
but high predictive accuracy does not solve the underlying 
disagreement about what is being measured (Lin & Hsu, 
2023). In other words, AI can reproduce rating systems more 
easily than it can resolve their conceptual inconsistency.

This tension is especially important when ESG analysis is 
linked to corporate �inance. The paper by Liu examines 
whether �inancing constraints affect �irms’ ESG ratings in the 
Chinese stock market (Liu, 2022). Substantively, this is a plau-
sible question. Firms facing tight �inancing conditions may 
underinvest in environmental compliance, social programs, 
governance improvement, or disclosure quality because they 
prioritize liquidity preservation and short-run survival. Alter-
natively, constrained �irms may use ESG signaling strategically 
to reduce �inancing frictions. The relationship is therefore 
theoretically open rather than obvious. What matters for the 
present review is that the paper sits at the intersection of two 
literatures that are often studied separately: �inancial-con-
straint measurement and ESG outcome assessment.

The measurement of �inancing constraints has long been 
controversial. Kaplan and Zingales famously argue that in-
vestment-cash �low sensitivity is not a valid general proxy for 

�inancing constraints, opening a broader debate about con-
struct validity (Kaplan & Zingales, 2000). Almeida and col-
leagues focus on the cash-�low sensitivity of cash, Foley and 
coauthors show how cash holdings are shaped by tax and in-
ternal-liquidity considerations, and Whited and Wu propose a 
structural index of �inancing constraints risk (Almeida et al., 
2004; Foley et al., 2007; Whited & Wu, 2006). Hadlock and 
Pierce develop the SA index to move beyond the limitations of 
the KZ framework, and Farre-Mensa and Ljungqvist question 
whether commonly used measures actually capture �inancing 
constraints in the intended sense (Hadlock & Pierce, 2010; 
Farre-Mensa & Ljungqvist, 2016). This literature matters be-
cause AI studies that use �inancing-constraint labels or in-
dices inherit these construct ambiguities. A high-performing 
model trained on a weak proxy does not produce a strong 
economic inference.

Once this point is recognized, the contribution of AI to cor-
porate �inance becomes clearer. Its value lies less in replacing 
theory-driven proxies than in combining multiple sources of 
information to improve latent-variable inference. Financial 
constraints, governance quality, and sustainability orientation 
are not directly observed. They are inferred from accounting 
variables, market outcomes, disclosures, �inancing structure, 
ownership patterns, and sometimes textual cues. AI can inte-
grate these heterogeneous sources more �lexibly than tradi-
tional linear models. But the inference remains only as credi-
ble as the conceptual mapping between the latent construct 
and the observed proxies.

Firm heterogeneity is another reason why AI has become 
important. ESG and �inancing dynamics are unlikely to be ho-
mogeneous across industries, ownership structures, regula-
tory environments, and life-cycle stages. Material ESG issues 
differ across sectors, which is precisely why materiality-based 
analyses often perform better than generic aggregate scoring 
(Khan et al., 2016). Constrained �irms in asset-heavy indus-
tries may face different sustainability trade-offs from digital 
�irms with intangible capital. Firms in bank-dominated �inan-
cial systems may respond differently from �irms in market-
based systems. Emerging markets add further layers involv-
ing disclosure quality, state involvement, and policy interven-
tion. AI methods are attractive in this setting because they can 
detect interactions and nonlinear heterogeneity that are cum-
bersome in conventional speci�ication search.

Textual and disclosure analysis intensify this potential. An-
nual reports, management discussion sections, sustainability 
reports, and earnings calls contain information about gover-
nance quality, risk management, strategic orientation, and 
perhaps greenwashing. Earlier studies show that textual dis-
closure helps distress prediction (Mai et al., 2019), and 
broader reviews con�irm that �inance text mining has become 
a substantial �ield (Gupta et al., 2020). In sustainable �inance, 
this means AI can be used not only to forecast a rating but also 
to identify the textual pathways through which a �irm signals 
sustainability commitment or obscures risk. This is particu-
larly important when rating disagreement is high, because 
textual analysis can uncover which dimensions drive a spe-
ci�ic model’s prediction.
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The rise of ESG-score prediction studies illustrates both 
the opportunities and the limits of this approach. Lin and Hsu 
show that machine-learning models can predict ESG scores 
for Taiwanese non�inancial companies using structured �irm 
information (Lin & Hsu, 2023). Such work is useful for three 
reasons. First, it helps identify the variables most associated 
with provider-speci�ic ESG assessments. Second, it can extend 
coverage to �irms or markets with sparse ratings. Third, it can 
be used as a screening or monitoring tool when ratings are 
missing or delayed. But its limitation is equally clear: a pre-
dicted ESG score is still conditional on the training label. If the 
original label is noisy, divergent, or conceptually narrow, pre-
diction quality does not guarantee substantive validity.

A related issue concerns causality. Much of the literature, 
including work on CSR and access to �inance or ESG and cost 
of capital, relies on observational designs (Cheng et al., 2014; 
El Ghoul et al., 2011; Goss & Roberts, 2011). AI can improve 
prediction within such data, but it does not by itself identify 
causal effects. This distinction is especially important in cor-
porate �inance. If constrained �irms have lower ESG ratings, is 
that because �inancing pressure reduces sustainability invest-
ment, because poor ESG raises �inancing costs, or because 
both re�lect deeper �irm quality? Prediction-focused AI mod-
els often blur these alternatives. For research aimed at expla-
nation rather than screening, model design must therefore be 
tied to identi�ication strategy, institutional context, and tem-
poral ordering.

Despite these cautions, AI has real advantages in ESG-re-
lated corporate �inance analysis. It can capture multidimen-
sional �irm states, integrate text with accounting data, identify 
heterogeneous effects, and improve early-warning systems. It 
is particularly valuable when the research question is classi�i-
cation or ranking under large-scale, noisy information. It is 
less decisive when the question is structural explanation un-
der contested constructs. The most defensible position is that 
AI should augment, not replace, theory-based corporate �i-
nance analysis. In the case of �inancing constraints and ESG, 
this means using AI to discover patterns, improve measure-
ment, and test heterogeneity, while retaining careful attention 
to what the chosen labels and proxies actually mean (Hadlock 
& Pierce, 2010; Farre-Mensa & Ljungqvist, 2016; Berg et al., 
2022).

In this sense, the corporate �inance line and the portfolio 
line are converging. Investors increasingly use �irm-level sus-
tainability and �inancing information in cross-sectional allo-
cation, risk control, and engagement strategies. Corporate �i-
nance researchers increasingly use machine learning to 
model disclosure-based or rating-based �irm characteristics. 
The next step is to connect these streams more explicitly. A 
�irm’s �inancing constraints can in�luence its ESG investments 
and disclosure quality; these, in turn, can affect its cost of cap-
ital, market risk, and inclusion in investor portfolios. AI is well 
placed to model such linked systems, but only if it moves be-
yond narrow single-task prediction.

Data and Indicators
Any evaluation of AI in �inancial decision-making must 

take data architecture as seriously as model architecture. 
Many published comparisons between algorithms are in fact 
comparisons between data pipelines, label de�initions, and 
preprocessing choices. Finance is a domain in which small dif-
ferences in frequency, timing, survivorship treatment, or uni-
verse selection can materially alter conclusions. This is true 
for both market forecasting and �irm-level sustainability anal-
ysis.

The most conventional input set remains market data: 
prices, returns, volume, volatility measures, order-�low prox-
ies, and sometimes factor returns. These variables are attrac-
tive because they are high frequency, standardized, and di-
rectly tradable. They are also limited because they are close to 
the outcome being predicted, which raises the danger of 
learning transient autocorrelation or microstructure artifacts 
rather than stable economic relationships. For this reason, 
classical baselines remain important, and sequence models 
must be evaluated under carefully de�ined rolling or expand-
ing windows rather than randomly shuf�led samples (Sezer et 
al., 2020; Fischer & Krauss, 2018).

Financial statements and accounting ratios form the sec-
ond major data family. These are central in corporate �inance, 
bankruptcy prediction, ESG estimation, and cross-sectional 
stock selection. They are slower moving than prices but often 
more interpretable. Variables related to leverage, pro�itability, 
liquidity, asset growth, cash holdings, and investment are 
widely used in both �irm-level and asset-pricing studies. The 
�inancing-constraint literature, however, shows that even ap-
parently straightforward accounting variables can encode 
contested constructs (Kaplan & Zingales, 2000; Hadlock & 
Pierce, 2010). AI models trained on such data therefore re-
quire conceptual discipline: users must know whether the 
model is predicting a realized outcome, a provider score, or a 
theoretical latent attribute.

ESG data constitute a third family and bring distinct prob-
lems. ESG ratings are multidimensional, provider speci�ic, and 
often incomplete outside large �irms or developed markets. 
They may be available as aggregate scores, pillar scores, or is-
sue-level indicators. Their main practical attraction is that 
they operationalize sustainability in investable form. Their 
main analytical weakness is cross-provider divergence (Berg 
et al., 2022; Christensen et al., 2022). Researchers using ESG 
data must therefore specify whether they are interested in 
predicting a given provider’s score, identifying material sus-
tainability exposure, or inferring an underlying latent con-
struct that transcends rating systems. These are not equiva-
lent tasks.

Textual data have become indispensable because many �i-
nancially relevant signals are disclosed narratively rather 
than numerically. News articles, earnings-call transcripts, an-
nual reports, sustainability reports, analyst commentary, and 
social media all supply information about expectations, risk 
perception, and organizational quality (Tetlock, 2007; Bollen 
et al., 2011; Gupta et al., 2020). Text is particularly important 
when structured data are lagged or sparse. For example, ESG 
controversies may surface in news before they enter provider 
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ratings. Governance problems may appear in tone, emphasis, 
or omission before they are visible in standard ratios. Like-
wise, distress risk can often be inferred from managerial lan-
guage and disclosure complexity (Mai et al., 2019). AI has 
comparative advantage here because modern language mod-
els and document embeddings can convert such unstructured 
information into tractable features.

Alternative data broaden the �ield further. Satellite im-
agery, web traf�ic, geolocation data, job postings, patent text, 
supply-chain records, and search intensity have all been used 
in parts of the broader �inance literature, though not always in 
the core papers reviewed here. The relevance of alternative 
data lies not only in novelty but in temporal lead. These 
sources can capture operational or reputational changes be-
fore they appear in statements or prices. In ESG-related analy-
sis, alternative data may help monitor physical risk exposure, 
environmental incidents, labor conditions, or public scrutiny. 
But they also raise acute concerns about access inequality, re-
producibility, and legal or ethical boundaries.

Data frequency and alignment are another underappreci-
ated issue. Market prediction often uses daily or intraday ob-
servations, whereas ESG and corporate �inance analysis typi-
cally use quarterly or annual data. Integrating these two lev-
els requires careful temporal design. A portfolio model that 
uses annual ESG scores for daily rebalancing may implicitly 
assume that sustainability signals change more often than 
they do. Conversely, a �irm-level study that matches �inancing 
data to contemporaneous ESG scores may obscure lag struc-
tures. The integrated perspective proposed in this review 
therefore requires multi-frequency modeling. Short-horizon 
market states and long-horizon �irm attributes should not be 
forced into the same temporal resolution without justi�ica-
tion.

Label construction can be even more consequential than 
the raw inputs. In forecasting, researchers must decide 
whether the label is raw return, excess return, sign, volatility, 
abnormal performance, or a portfolio-relative ranking. In cor-
porate �inance, labels may be distress events, rating cate-
gories, �inancing-constraint indices, or sustainability scores. 
These labels are not neutral. They re�lect theoretical choices 
about what matters. The example of �inancial constraints is 
especially instructive: the KZ, WW, and SA frameworks are not 
interchangeable, and studies have shown that common mea-
sures can disagree materially (Whited & Wu, 2006; Hadlock & 
Pierce, 2010; Farre-Mensa & Ljungqvist, 2016). A model’s ap-
parent performance can therefore change not because the al-
gorithm is better, but because the label is easier to predict.

Preprocessing is similarly decisive. Normalization, win-
sorization, lagging rules, handling of missing values, treat-
ment of delisted �irms, and prevention of look-ahead bias all 
matter. In text analysis, tokenization, vocabulary restriction, 
document truncation, and the distinction between domain-
adapted and general language models affect results. In ESG 
work, whether controversies are treated as level variables or 
event shocks can alter interpretation. Thus, one of the persis-
tent problems in AI-�inance comparisons is that published 
studies often compare end results without making prepro-
cessing decisions suf�iciently explicit.

The policy implication is that data governance should be 
treated as part of the research design, not as a preliminary 
technical step. This is especially important when AI systems 
move from academic experimentation to real decision sup-
port. A forecasting system for portfolio management needs 
clear rules about data vintage, revision handling, universe 
construction, and cost assumptions. An ESG-prediction sys-
tem needs clear rules about provider selection, missingness, 
coverage bias, and update frequency. Without such gover-
nance, model performance is dif�icult to interpret and almost 
impossible to reproduce.

For integrated AI-based �inancial decision-making, the 
most promising data architecture is layered. High-frequency 
market data should capture near-term state changes; �irm-
level structured data should capture slower-moving �inancial 
conditions; text should capture narrative and disclosure-
based signals; ESG data should represent sustainability-re-
lated exposures and assessments; and alternative data should 
be added only when their timing, legality, and economic 
meaning are clear. This layered architecture is what allows 
the two main lines of �inance AI—market prediction and �irm-
level identi�ication—to be analyzed jointly rather than sepa-
rately.

Method Comparison
A recurring source of confusion in AI-�inance research is 

the failure to distinguish between predictive and explanatory 
aims. Predictive models are judged by out-of-sample accuracy, 
ranking power, economic utility, or decision performance. Ex-
planatory models are judged by interpretability, identi�ica-
tion, construct validity, and the plausibility of causal or struc-
tural claims. These goals overlap, but they are not identical. In 
�inance, the difference is especially consequential because 
many tasks involve high-stakes decisions under legal, �idu-
ciary, or regulatory constraints.

Predictive models dominate the market-forecasting litera-
ture. Their objective is straightforward: improve forecasts 
that can be translated into trading, hedging, or allocation. In 
this setting, model complexity is acceptable if it improves sta-
ble out-of-sample performance. LSTM, transformer, and rein-
forcement-learning systems are therefore often justi�ied even 
when they are opaque, because the immediate benchmark is 
economic performance rather than interpretive clarity (Fis-
cher & Krauss, 2018; Zhou et al., 2021; Yang, 2023). But the 
justi�ication weakens when the model is deployed in institu-
tional contexts that require explanation, such as �iduciary as-
set management, regulated advice, or risk governance.

Explanatory models dominate much of corporate �inance 
and sustainable �inance. When the research question con-
cerns whether �inancing constraints affect ESG outcomes, 
whether CSR reduces the cost of capital, or why ESG ratings 
diverge, the aim is not merely prediction. It is to infer a mech-
anism, a channel, or a structural relation (Cheng et al., 2014; 
El Ghoul et al., 2011; Berg et al., 2022). In these contexts, 
black-box predictive success is insuf�icient. A model may pre-
dict ESG scores well while obscuring whether it is relying on 
size, industry, disclosure volume, or genuinely material sus-
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tainability information. It may identify correlations between 
�inancing variables and ESG scores without clarifying tempo-
ral ordering or omitted variables.

This is why explainability has become central in recent 
discussions of �inance AI. Rudin argues that in high-stakes 
settings, the �ield should prefer inherently interpretable mod-
els where possible rather than rely on post hoc explanations 
for black boxes (Rudin, 2019). Arrieta and colleagues provide 
a broader framework for explainable AI, distinguishing 
among concepts, audiences, and explanatory techniques (Ar-
rieta et al., 2020). In �inance speci�ically, bibliometric evi-
dence shows rapid growth in explainable AI research, indicat-
ing that the �ield increasingly recognizes opacity as a practical 
constraint rather than a tolerable side effect (Chen et al., 
2023).

The trade-off, however, should not be oversimpli�ied. In-
terpretable models are not always superior, and black-box 
models are not always irresponsible. The relevant question is 
whether the model’s complexity is proportionate to the task 
and whether the decision environment requires local, global, 
or procedural explanation. For example, a high-frequency 
portfolio signal used internally within a diversi�ied multi-sig-
nal platform may tolerate lower interpretability than a model 
used to deny credit, assign a sustainability score, or justify 
�iduciary stewardship actions. In other words, the appropri-
ate level of explanation depends on the �inancial context.

Portfolio management provides a useful middle case. In-
vestors often care less about the internal semantics of a signal 
than about stable realized performance and controlled expo-
sures. Yet as reinforcement learning and end-to-end systems 
become more common, explainability becomes necessary for 
understanding why the strategy loads on particular market 
states, factors, or asset clusters. Guan and Liu’s work on ex-
plainable deep reinforcement learning is important precisely 
because it tries to connect policy behavior to interpretable 
reference weights and prediction power (Guan & Liu, 2021). 
This kind of work suggests that �inance does not have to 
choose between prediction and explanation in absolute 
terms. Instead, it can design systems in which opaque compo-
nents are surrounded by interpretable diagnostic layers.

In ESG-related corporate �inance, the need for explanation 
is even stronger. ESG ratings affect investor perception, capi-
tal allocation, and in some settings regulatory classi�ication. If 
a machine-learning model predicts ESG scores, users must 
know whether it is learning material sustainability character-
istics or merely proxying for �irm size, international visibility, 
or disclosure capacity. This is not only a methodological prob-
lem; it is also a fairness and accountability problem. Diver-
gence across rating providers already reveals that scoring sys-
tems embody implicit judgments (Berg et al., 2022; Chris-
tensen et al., 2022). Adding AI to this environment without in-
terpretive discipline risks amplifying rather than reducing 
opacity.

A second comparison concerns causal versus associational 
modeling. Predictive models are usually associational. They 
learn patterns that improve forecasts, regardless of whether 
those patterns are causal. Explanatory �inance research often 
seeks something stronger. Yet AI methods are frequently im-

ported into explanatory settings without corresponding iden-
ti�ication strategies. The result can be technically impressive 
but substantively ambiguous studies. For example, a model 
may show that certain accounting and market variables pre-
dict �inancing-constraint categories or ESG scores, but this 
does not establish the causal role of those variables. There-
fore, when the objective is explanation, AI should be paired 
with research designs that address endogeneity, timing, and 
heterogeneity rather than treated as a substitute for them.

A third comparison concerns evaluation metrics. Predic-
tive models are often judged by error, AUC, directional accu-
racy, or portfolio return statistics. Explanatory models re-
quire additional criteria: variable stability, sign consistency, 
theoretical coherence, and robustness across speci�ications. 
In some cases, a simpler model with slightly weaker predic-
tive power may be preferable because it yields a more credi-
ble substantive interpretation. This is especially true in sus-
tainable �inance, where the policy and governance implica-
tions of model outputs can be large.

The practical conclusion is that �inance researchers should 
specify model purpose before selecting model class. If the 
goal is high-frequency ranking under dense data and low ex-
planation requirements, complex predictive models may be 
appropriate. If the goal is �irm-level inference under con-
tested constructs and governance relevance, interpretable or 
hybrid models are often more defensible. The broad theme of 
this review is not that one class should dominate the other, 
but that AI in �inance should be evaluated as part of a decision 
system with explicit epistemic goals.

Limitations and Risks
The literature reviewed above shows substantial progress, 

but it also reveals recurring limitations that are too often 
treated as technical inconveniences rather than central re-
search problems. Four risks are especially important: over�it-
ting, out-of-sample instability, interpretability de�icits, and in-
stitutional dependence.

Over�itting remains the most obvious challenge. Financial 
data have low signal-to-noise ratios, regime shifts, structural 
breaks, and adaptive agents. These characteristics make �lexi-
ble models vulnerable to learning patterns that do not survive 
outside the training sample. Deep architectures can �it nonlin-
ear relations extremely well, but �inance does not reward in-
sample �it. It rewards robust, repeatable economic value after 
costs and under changing conditions (Sezer et al., 2020; 
Krauss et al., 2017). The risk is particularly acute when re-
searchers tune architectures extensively on a �ixed historical 
window or report the best-performing speci�ication without 
fully accounting for search. Apparent innovation may then re-
�lect selection bias rather than genuine predictive improve-
ment.

Out-of-sample failure is closely related but deserves sepa-
rate emphasis. Even when a model is not over�it in a narrow 
statistical sense, it may still fail because the environment 
changes. Financial time series are non-stationary not only in 
mean and variance but also in institutional structure, liquid-
ity, regulation, and investor behavior. A model trained in a 
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low-rate environment may break in a tightening cycle. A senti-
ment model trained on one media ecosystem may weaken af-
ter platform changes. An ESG model trained on a stable rating 
methodology may lose validity after provider revisions. Thus, 
genuine robustness requires temporal, cross-market, and 
cross-regime testing rather than a single train-test split 
(DeMiguel et al., 2009; Kolm et al., 2014).

Interpretability de�icits are the third risk. In portfolio ap-
plications, opacity can conceal unstable exposures, hidden 
leverage to macro conditions, or spurious dependence on a 
narrow set of features. In corporate �inance and ESG analysis, 
opacity is more serious because model outputs may in�luence 
�inancing decisions, stewardship, screening, or public claims 
about sustainability quality. Post hoc explanation methods 
can help, but they do not always recover the actual reasoning 
process of a complex model (Rudin, 2019; Arrieta et al., 
2020). This is why interpretable design should be considered 
at the start of model development rather than appended at 
the end as a compliance layer.

Institutional dependence is the fourth and perhaps least 
discussed limitation. Financial models are embedded in spe-
ci�ic market structures, accounting systems, disclosure 
regimes, investor bases, and regulatory frameworks. A result 
obtained in the U.S. equity market may not generalize to 
China’s stock market, and a �inancing-constraint proxy vali-
dated in one setting may behave differently in another. ESG is 
especially sensitive to institutional context because reporting 
standards, enforcement, ownership structures, and policy pri-
orities vary widely. The paper on �inancing constraints and 
ESG in the Chinese stock market is therefore not just a �inance 
application; it is an example of how institutional setting 
shapes both the data and the substantive interpretation (Liu, 
2022).

These limitations also interact. A model can be over�it 
partly because the institutional regime represented in the 
training data is unusually stable. A model can appear inter-
pretable but still lack validity because its features proxy for 
country-speci�ic disclosure habits rather than economically 
meaningful behavior. A model can show out-of-sample suc-
cess in one market and fail in another because the target vari-
able itself is constructed differently. Therefore, robustness 
should be treated multidimensionally: across time, across 
datasets, across institutions, and across target de�initions.

A related risk is benchmark misselection. Many �inance AI 
papers benchmark against weak baselines, such as poorly 
speci�ied linear models or naıv̈e optimizers, making gains 
look larger than they are. Strong baselines should include 
transparent econometric models, robust covariance estima-
tors, shrinkage techniques, naıv̈e diversi�ication, and where 
relevant simple textual models. Without such baselines, the 
incremental value of AI is dif�icult to judge. This point is espe-
cially relevant in portfolio optimization, where historical ex-
perience shows that complicated expected-return estimates 
often underperform simpler diversi�ication rules (DeMiguel 
et al., 2009; Ledoit & Wolf, 2004b).

Another limitation concerns reproducibility. Proprietary 
data, inconsistent preprocessing, and incomplete reporting of 
hyper parameters remain common. This problem is acute 

with alternative data and some ESG datasets. Reproducibility 
is not only a norm of good science; it is a practical necessity in 
�inance because small implementation details can materially 
affect outcomes. The �ield would bene�it from more standard-
ized evaluation protocols, clearer reporting of data vintages, 
and stronger separation between model development, valida-
tion, and �inal testing.

Finally, there is a conceptual risk in treating AI as neutral 
infrastructure. Models always embed objectives. In forecast-
ing, the objective may prioritize short-horizon excess return. 
In portfolio management, it may prioritize Sharpe ratio, 
downside risk, or turnover ef�iciency. In ESG analysis, it may 
prioritize prediction of existing scores rather than indepen-
dent assessment of material sustainability performance. 
These objective choices shape results. They determine which 
signals are learned and which trade-offs are ignored. There-
fore, one of the most important future tasks is to make objec-
tive functions explicit and align them with the intended deci-
sion context.

Conclusion and Future Directions
This review has argued that AI in �inancial decision-mak-

ing should be understood through a broader architecture 
rather than through isolated technical applications. The �irst 
core line is market prediction, where models attempt to ex-
tract tradable signals from prices, returns, volatility, and text. 
The second core line is �irm-level feature identi�ication, where 
models infer �inancing constraints, ESG characteristics, dis-
tress risk, and other latent corporate attributes. These lines 
have evolved separately, but they increasingly interact in real 
�inancial decisions.

The literature on forecasting shows that the movement 
from classical econometric models to LSTM, transformers, 
and hybrid systems has expanded representational power, 
but not eliminated the basic problems of weak signals and un-
stable regimes (Sezer et al., 2020; Fischer & Krauss, 2018; 
Zhou et al., 2021). The portfolio literature shows that predic-
tive gains matter only when they survive the translation into 
robust allocation under noisy covariance estimates, transac-
tion costs, and rebalancing constraints (Markowitz, 1952; 
Kolm et al., 2014; Ban et al., 2018). The sustainable �inance lit-
erature shows that ESG and �inancing information now affect 
access to capital, cost of capital, risk, and resilience, but also 
suffer from substantial measurement disagreement and insti-
tutional heterogeneity (Cheng et al., 2014; Berg et al., 2022; 
Christensen et al., 2022).

The two focal papers included by the user are therefore 
best interpreted not as isolated cases, but as representative 
nodes in this larger architecture. The LSTM-based portfolio 
paper captures the prediction-to-allocation logic that de�ines 
much of quantitative asset management (Li & Liu, 2023). The 
�inancing-constraint-and-ESG paper captures the �irm-side 
logic in which �inancial frictions and sustainability outcomes 
are jointly analyzed (Liu, 2022). The real research opportu-
nity lies in connecting these domains. Future studies should 
model how �irm-level sustainability and �inancing signals en-
ter cross-sectional expected returns, downside risk, portfolio 



JGTSS | Volume 3, Number 2 | 29–40 39

Review article https://doi.org/10.70731/ptrjz986

constraints, and dynamic rebalancing. They should also exam-
ine how investor allocation mechanisms feed back into �irms’ 
�inancing conditions and ESG incentives.

Methodologically, future work should pursue three direc-
tions. First, it should build multi-layer models that combine 
forecasting, risk estimation, and optimization rather than 
overemphasizing any single stage. Second, it should incorpo-
rate explainability more deeply in corporate �inance and sus-
tainable �inance settings where model outputs in�luence high-
stakes decisions (Rudin, 2019; Arrieta et al., 2020). Third, it 
should move toward multi-frequency and multi-modal de-
signs that integrate market data, �inancial statements, ESG in-
dicators, and text under clear temporal logic.

In short, the next stage of AI in �inance is not simply more 
complex forecasting. It is the construction of integrated, ac-
countable, and decision-relevant systems in which market 
prediction, portfolio design, and ESG-related corporate �i-
nance analysis are treated as interdependent components of 
the same �inancial decision process.
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