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Abstract: Financial forecasting is a key part of strategic planning in banking, investment, and corporate finance. Traditional
statistical methods often fall short when modeling the complex, interconnected, and ever-changing nature of financial markets. This
study explores how machine learning techniques can overcome these limitations through a detailed literature review and comparison
of predictive models. It assesses three main machine learning approaches: Lasso regression, gradient boosting machines, and Long
Short-Term Memory networks. Each approach is examined for its theoretical basis, forecasting performance, and organizational
impact. Two case studies are used to demonstrate real-world applications and results. The first case highlights JP Morgan's successful
use of gradient boosting machines and LSTM networks, which improved forecast accuracy by 8-12% and enhanced directional
forecasting capabilities. This deployment gave the organization more strategic flexibility and a competitive edge in financial
decision-making. The second case analyzes a regional U.S. bank's less effective use of Decision Trees without ensemble techniques
or proper validation, resulting in minimal performance improvements and increased risk. The study finds that machine learning
models can notably improve prediction accuracy and operational agility, but challenges remain in interpreting models, establishing
governance, and deploying in real-time. Significant gaps are identified in explainable Al, causal inference, and scalable operations.
The study concludes that machine learning-based predictive analytics could revolutionize financial forecasting. It recommends
combining machine learning techniques with traditional econometric models within a strong data infrastructure and governance
framework.
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INTRODUCTION

Financial forecasting has been used as the essential
element of strategic planning and decision-making
frameworks of banking institutions, investment
firms, and the corporate finance industry
(Makridakis, et al., 2018). It is also a key element
of strategic management in the United States,
which is a dynamic and complex industry of
financial activities that encompasses a broad range
of activities, including investment planning, risk
assessment, regulation, and economic policies
(Sivri, & Ustundag, 2024). Appropriate forecasting
models can help organizations capture the
forecasts of the market, optimize portfolio
allocations and liquidity to mitigate the risks
linked to the volatile economic cycles (Gu, et al.,
2020). Historically, statistical models have
dominated in this field, including the moving
averages, vector  autoregression (VAR),
autoregressive  integrated moving  average
(ARIMA), and ordinary least squares (OLS)
regression models, as these are simple to
understand and interpret (Olowe, et al., 2024).
Although they have been found to perform well
within a stable environment, these models fail to
perform well when dealing with high-dimensional
datasets, non-linear relationships, and variable
market conditions, as is the case with digital

transformation and the emergence of FinTech
platforms (Olubusola, et al., 2024).

Over the last few years, an increasingly rapid
implementation of the predictive analytics
framework, based on machine learning (ML)
algorithms, has become visible in the financial
sector of the United States, as it shows substantial
benefits over the classical methods (Azeema, et
al., 2023). In this respect, predictive analytics
involves the organized application of ML
algorithms, data mining, and computational
statistics to find obscured patterns and correlations
within gargantuan financial data so that more
accurate forecasting can be achieved (Ahelegbey,
et al., 2020). Such ML algorithms as decision trees
and support vector machines, as well as ensemble
techniques and deep neural networks, can learn
complex patterns on large volumes of
heterogeneous data such as transactional records,
market indicators, and other alternative data, such
as social media sentiment (Hashemi, et al. 2022).
Machine learning techniques demonstrate superior
predictive capabilities, scalability, and flexibility,
making them highly applicable in dynamic
financial situations where traditional models often
underperform. Unlike linear models, machine
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learning methods do not require specified
functional forms or rigid distributional
assumptions, enabling superior adaptability to the
complex and variable nature of financial time
series data. This fundamental advantage allows
machine learning approaches to capture non-linear
relationships and changing market patterns that
conventional statistical methods cannot effectively
model (Gu, et al., 2020).

In the last 10 years, the use of ML-based
predictive analytics within financial institutions
has gained speed due to the necessity of real-time
information and risk mitigation, as well as
competitive leverage. Its application covers a very
broad range of applications such as credit risk
analysis, asset-liability management, anti-fraud
analysis and financial planning and analysis
(FP&A) (Olowe, et al., 2024). Nevertheless, the
implications of these technologies in mainstream
financial operations are not just a technical update
since they require a wholesome corporate redesign.
Inferences from the literature indicated that
organizations will be forced to shift regardless of
their talent strategy to ensure that data scientists
and experts in ML are included as well as refurbish
old data infrastructures and include strong
governance components that guarantee model
explainability, equity and regulatory adherence
(Kovacevic, & Waterstraat, 2024).

Although ML heralds the era of new technology,
its application in the financial forecasting area has
several challenges. A great number of models are
presented as black boxes with little interpretability,
which is a serious issue in regulated industries
where responsibility for decisions is the focus
(Olubusola et al., 2024). Besides, the difference
between predictive accuracy and causal inference
has also been another major research gap.
Although ML is good at observing connections, it
does not perform well at explaining the causes of
financial performance, which is necessary when
planning and creating policies (Wasserbacher, &
Spindler, 2022).

This paper employs a qualitative literature review
of machine learning methods used to forecast the
financial outlook on the U.S finances, specifically
to be used in comparative studies, theoretical basis,
and organizational implications. The research
investigates how various ML models like Lasso
regression, gradient boosting, and long short-term
memory (LSTM) networks can work in
comparison to the established methods and
introduces a change in corporate structure and

culture that the use of ML models demands. The
paper uses illustrations of real-life applications
with the help of case studies and points out the
operational and strategic changes that must be
made to predictive analytics. Lastly, the paper
establishes possible research gaps, such as the
necessity of explainable Al, hybrid causal-
predictive infrastructure, and real-time data
integration, and suggests future research directions
that would involve integrating an ML approach
into financial forecasting during the period of
technological digitalization and even Ohio
regulatory development.

LITERATURE REVIEW

Financial forecasting by Traditional Statistical
models

In the past, statistical models based on linear
regression, autoregressive integrated moving
average (ARIMA), and exponential smoothing
have formed the basis of financial forecasting. The
models are preferred due to their ease of use and
implementation, transparency, and simplicity,
especially when employed in  short-term
forecasting situations when the trends in the data
are more predictable and more linear (Olowe et al.,
2024). An example is linear regression, which is
based on the principle that the relationship
between independent variables (e.g., interest rates,
inflation), and dependent financial outcomes is
linear (e.g., revenue, stock prices) is linear and
thus is an underlying concept in econometrics and
corporate finance.

ARIMA models, instead, are tailored to time-series
data and thus include autocorrelation and time
variation. They are specifically applicable in
reflecting seasonal trends and cyclicality of
financial parameters like cash flow and sales
(Khan, 2020). Nevertheless, the use of linear
regression, as well as the application of an
ARIMA, is limited by the assumptions of linearity,
stationary time series, and normal distributions,
which do not work in unstable or a nonlinear
environment, particularly in association with
disruptions in digital finance and FinTech
(Wasserbacher, & Spindler, 2022).

Furthermore, conventional models tend to have
difficulties in high-dimensional data sets and
multicollinearity, where there are so many related
predictors. The fact that they become unusable in
response to the abrupt changes in the market and
inability to integrate alternative data sources (e.g.,
social media sentiment, real-time transaction logs)
has motivated the researchers and practitioners to
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seek less rigid and more dynamic alternatives,
especially those to be provided by the machine
learning (Wasserbacher, & Spindler, 2022).

The development of Machine Learning in
Financial Predictions

Traditional financial forecasting has long been
dominated by established statistical methods,
including  linear  regression,  autoregressive
integrated moving average (ARIMA) and
exponential smoothing techniques. These models
have maintained their widespread adoption due to
several key advantages, such as; computational
simplicity, interpretational transparency and
straightforward  implementation  of  existing
financial systems (Olowe, et al., 2024). Linear
regression exemplifies this approach by assuming
that relationships between independent variables
such as interest rates and inflation, and dependent
financial outcomes like stock prices and corporate
revenue follow predictable linear patterns. These
conventional methods demonstrate effectiveness in
short-term forecasting scenarios where underlying
data trends remain relatively stable and linear. The
transparency and interpretability of these
traditional  approaches have made them
fundamental tools in econometrics and corporate
finance, where regulatory requirements and
stakeholder communication often prioritize model
comprehensibility over complex predictive
capabilities.

The inherent limitations of standalone neural
network  architectures, particularly  their
susceptibility to overfitting and the opacity of their
decision-making processes, have catalyzed a
methodological evolution toward ensemble
learning frameworks and hybrid modeling
approaches within financial forecasting
applications. These sophisticated methodologies
represent a strategic response to interpretability
challenges and generalization deficiencies that
characterize individual neural network
implementations,  driving  researchers  and
practitioners to develop composite models that
systematically integrate multiple algorithmic
approaches (Shah, et al., 2022). As an example,
models that incorporate the neural network and
decision tree or support vector machines (SVM)
have been proven to increase robustness and
predict better (Hoang, & Wiegratz, 2023).

Such hybrid strategies are quite useful for financial
applications where there exists heterogeneity of

data and noise. In addition to that, the progress of
deep learning models (like Long Short-Term
Memory (LSTM) networks and convolutional
neural networks (CNNs)) is going further to allow
designing models that could learn in time (record
the dependence) and create hierarchies of data
(Liu, & Lang, 2019).

The emergence of reinforcement learning (RL) and
deep reinforcement learning methods marked a
significant paradigm shift in financial applications,
particularly in portfolio management and
algorithmic  trading  strategy  development
(Ndikum, & Ndikum, 2024). These RL algorithms
demonstrate the capacity to learn optimal trading
policies through continuous exposure to market
environments, whether simulated or real, by
adapting their strategies based on reward signals
received from market outcomes. This adaptive
decision-making capability  represents a
fundamental departure from traditional static
models, which enables dynamic strategy
optimization in response to changing market
conditions (Mnih, et al., 2015). The theoretical
foundation  supporting  machine  learning
integration in finance rests on these algorithms'
superior  ability to  capture  nonlinear,
multidimensional relationships within financial
data without requiring explicit programming of
these complex patterns.

This characteristic proves particularly valuable
given the inherent uncertainty and stochastic
nature of financial markets (Sivri, & Ustundag,
2024). The introduction of unsupervised learning
methodologies, including clustering algorithms
and dimensionality reduction techniques, has
further expanded the analytical toolkit available to
researchers and market participants. These
methods enable the discovery of latent structures
within financial datasets, which facilitates market
regime identification, anomaly detection, and
feature extraction processes that were previously
unattainable through conventional approaches
(Liu, & Lang, 2019). This transformation in
financial forecasting represents a fundamental shift
away from reliance on stable econometric models
toward more flexible and adaptive methodologies.
Contemporary financial forecasting systems now
possess enhanced capabilities to respond
dynamically to rapidly changing market
environments and emerging phenomena that
characterize modern financial markets.
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Comprehensive Comparison Table
Aspect Traditional Models
Core Methods Linear Regression, ABIMA,
Exponential Smoothing
Complexity
Interpretability !—th - Transparent and easily
interpretable
Relationships
Implementatio
n existing systems
Short-term forecasting with
stable trends

relationships

Best Use Case

Simple - Computational simplicity

Data Linear patterns and predictable

Straightforward integration with

Adaptability Static models - fixed parameters
Risk Susceptible to model limitations
Management in volatile markets

Regulatory Favored for transparency
Compliance requirements

Learning No learning from new data
Capability patterns

Machine Learning Models

Neural Networks, SVM, Decision Trees, Deep
Learning (LSTM, CNN)

Complex - Sophisticated algorithms
Low - "Black box" decision-making
processes

Nonlinear, multidimensional complex
patterns

Requires specialized infrastructure and
expertise

Complex, volatile markets with
heterogeneous data

Dynamic adaptation to changing market
conditions

Prone to overfitting and generalization
issues

Challenging due to interpretability issues

Continuous learning and strategy
optimization

Table 1: illustrates literature sources from various researchers from this study.

Core Methods

Traditional Models: Linear regression, ARIMA
and exponential smoothing are commonly used
because they are easy to comprehend and use
(Khan, 2020). Their performance is good in steady
environments as they provide efficient and clear
short-term forecasts. Nevertheless, their
assumptions of linearity restrict them to volatile or
nonlinear market environments to be accurate
(Olowe, et al., 2024). As compared to machine
learning, they are not adaptive, nevertheless
appreciated due to clarity and ease of use (Wilson,
& Anwar, 2024).

Machine Learning Models: Machine learning
techniques such as neural networks, SVM and
ensemble models, allow for the expression of non-
linear and high dimensional relationships (Nalepa
& Kawulok, 2019). Models like LSTMs and CNNs
are called Deep learning architectures, which are
best suited to modeling sequential and time-related
dependencies (Mahbobi, et al., 2023). Such
models are superior to the more conventional
methods in volatile markets, but they require
sophisticated computing resources (Nalepa &
Kawulok, 2019). The need to add complexity and
interpretability to help improve their predictive
power can be upwardly costly (Mahbobi, et al.,
2023) (See Table 1).

Complexity

Traditional models are simple and computationally
inexpensive, hence applicable to operational
forecasting (Khan, 2020). The fact that they are
rather dependent on linearity and stationarity
imposes limitations when adapting to turbulent
regimes (Olowe. et al., 2024). As they perform
well on stable data, they however do not respond
to structural dreads or chaotic patterns
(Wasserbacher & Spindler, 2022). This has led to a
move toward cutting edge machine learning
techniques (Wilson, & Anwar, 2024).

Machine Learning Models: ML models are highly
complex machine processes with numerous
parameters, which need proficient knowledge and
optimization (Tufail, et al., 2023). LSTMs and
CNNs enable to represent some high-tech and
hierarchical trends in financial data (Vashishth, et
al., 2025). They can analyze structured and
unstructured data including the market news and
sentiment analysis (Darji, et al, 2022).
Nevertheless, they pose a lot of complexity that
makes them less transparent thus requiring
extensive computational resources (Vashishth, et
al., 2025) (See Table 1).

Interpretability
Traditional Models: Linear regression and ARIMA
are also easily understood with the lines
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representing the direct relationship between the
factors (Khan, 2020). This clarity helps their
determination of the decision-making process and
compliance with the regulations (Olowe, et al.,
2024). However, their finite abilities to simulate
the nonlinear datasets limit the performance of
forecasting under the volatile market conditions
(Khan, 2020). Despite the limitations, their
interpretability is held in high organizational
regard (Wilson, & Anwar, 2024).

Machine Learning Models: Deep neural networks
are the most used models that can be described as
a black box with little interpretability (Nalepa &
Kawulok, 2019). This transparency s
disadvantageous in financial institutions that have
rigorous regulation (Mahbobi, et al., 2023). Post-
hoc interpretability tools such as SHAP and LIME
are helpful, although they are not as clear as
conventional models (Nalepa & Kawulok, 2019).
Even with this, organizations are adopting ML
because of its high forecasting accuracy
(Hooshyar, & Yang, 2024) (See Table 1).

Data Relationship

Traditional Models: The models assume linearity
and stationarity, and they are advantageous to
predictable and stable data (Khan, 2020). They
need to be pre-processed, which entails
differencing to remove volatility (Wilson, &
Anwar, 2024). Their rigidity limits the flexibility
to a change of regime or non-linear shocks
(Olowe, et al., 2024). Therefore, they find it hard
to represent complicated monetary associations
(Wilson, & Anwar, 2024).

Machine Learning Models: The use of ML models
is highly beneficial in cases of nonlinear, dynamic,
and high-dimensional financial data (Nalepa, &
Kawulok, 2019). They also combine unstructured
data such as sentiment and news data, and do
better at predictions (Mahbobi, et al., 2023).
Superior techniques such as feature engineering
and embedding make it possible to identify
implicit interaction (Vashishth, et al., 2025). It is
what gives them an edge in the turbulent financial
markets (Hooshyar, & Yang, 2024) (See Table 1).

Implementation

Traditional Models: It is easy to implement the
ARIMA or regression, which does not require
significant infrastructure (Khan, 2020). They can
be easily implemented in the operation of an
organization via the utilization of standard
statistical tools (Olowe, et al., 2024). The
recalibration works should be performed regularly

when the market conditions alter (Wilson, &
Anwar, 2024). Although simple to use, they have
been used increasingly as supplements and not
replacements to ML systems (Wasserbacher, &
Spindler, 2022).

Machine Learning Models: ML systems need
sophisticated infrastructure, high-performance
computing and talented hands (Nalepa &
Kawulok, 2019). Development has to do with
feature engineering, hyperparameter optimization,
and risk management controls (Mahbobi, et al.,
2023). These are powerful in real-time, large scale,
market prediction of financial markets (Hooshyar,
& Yang, 2024). Although they are difficult, their
strategic pluses are usually long term and offset
the obstacles (Vashishth, et al., 2025) (See Table
1).

Financial forecasting and supervised Learning
techniques

The most widely used paradigm in financial
forecasting is supervised learning because it is
easy to train and interpret and is supported by
extensive work showing that this paradigm is
effective in diverse tasks (Kurani, et al., 2023).
Regression-Based Machine Learning, Support
Vector Machines (SVM), Random Forests,
Gradient Boosting Machines (GBM), and deep
neural networks boast some of the most famous
supervised algorithms. An alternative to classic
statistical models, machine learning (ML) has
become a potent alternative capable of providing
better predictive power compared to classic
alternatives due to its nonlinear modeling,
automatic feature selection and adaptive learning.
ML algorithms can read both structured and
unstructured data that amounts to scale, identify
latent patterns, and mitigate performance as more
datasets are introduced (Hashemi, et al. 2022).

Regression-Based Machine Learning

The use of penalized Regression methods in
financial forecasting has increased with Lasso
(Least Absolute Shrinkage and Selection Operator)
and Ridge regression being used to overcome the
issue of multicollinearity and overfitting with
high-dimensional data. Lasso regression can
conduct variable selection as it sets the coefficients
of less significant predictors to zero, which
simplifies the models and makes them more
interpretable (Wasserbacherm, & Spindler, 2022).
This is particularly useful within financial contexts
where hundreds of macroeconomic signals,
sentiment scores, and transaction variables may be
accessible.
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Empirical research has demonstrated that Lasso is
better than ordinary OLS regression at predicting
corporate earnings, credit risk, and asset pricing,
especially where the number of predictor variables
is larger than the number of Company observations
available (Yum, & Yan, 2022). Although similar,
Ridge regression allows all variables but penalizes
large coefficients and is intended to be suited to
settings where all predictors have a minimal effect
on the outcome.

Decision trees:

Decision trees use simple ML algorithms that
explain data into branches using feature thresholds
that allow for nonlinear classification and
regression. Nonetheless, single trees are unstable,
and they are subject to overfitting. In this case,
ensemble techniques like the Random Forests and
the Gradient Boosting Machines (GBM) combine
several trees to enhance a more accurate and
robust model (Hashemi, et al., 2022).

Random Forests create several decision trees on
bootstrapped samples and average their output,
thus lowering the variance and enhancing
generalization. GBM, on the other hand, constructs
trees sequentially with each one fixing the
mistakes of the previous one, making it very
accurate but complex. When compared to other
models, GBM scored well in credit scoring and
fraud prediction as far as time series prediction is
concerned, with AUC ranging between 0.89 to
0.91 (Hashemi, et al., 2022).

At the organizational level, the application of
ensemble models could be computationally
demanding, and it needs qualified personnel to
facilitate the hyperparameter  optimization,
validation, and explanation of the models. Finance
departments should also work with data scientists
so that models used do not produce different
results that are not aligned to corporate goals and
regulatory requirements (Sun, & Jung, 2024).

Support Vector Machines (SVM)

Support Vector Machines are superfast classifiers
that create optimal hyperplanes to divide the data
points into high-dimensional spaces. SVMs can fit
nonlinear and complicated boundaries using kernel
functions; hence, these techniques are applicable in
binary classification problems, like predicting
defaulting loans and the detection of fraud
(Mahbobi, et al., 2023).

Although SVMs have desirable precision and
robustness, they are sensitive to the choice of
parameters and do not scale well to large data sets.

There are also explainability issues associated with
their black box nature, especially in regulated
financial environments. In this respect, SVMs may
be combined with a simpler model or used within
an ensemble framework (Nalepa, & Kawulok,
2019).

Neural Network and Deep Learning.

Neural networks are models based on human
brain-like layers that run processes using weighted
connections. General regression and classification
are employed by a feedforward neural network,
whereas recurrent neural networks (RNNs) with
Long Short-Term Memory (LSTM) and Gated
Recurrent Units (GRU) are meant to work with
sequences and time-series predictions
(ArunKumar, 2021).

LSTM networks have proven to be very successful
in learning long-term dependencies on financial
data, including stock prices, interest rates, and
macroeconomic  indicators.  According  to
Olubusola, et al., (2024), LSTM is better in
predicting equity prices than the use of ARIMA,
particularly once some alternative data sources are
integrated into the models, such as news sentiment
and social media tendencies. Deep neural networks
present an excellent predictive ability to the
stakeholders of an organization but have issues
with interpretability and computational cost.
Black-box models are something that alarms
regulators and risk managers who need to see
transparent decision mechanisms (Liu, & Lang,
2019).

Deep learning models, however, despite their
accuracy, need a significant amount of
preprocessing of data preprocessing,
computational capabilities, and specialized skills.
This makes them not transparent and interpretable
enough in financial institutions, which leads to the
interest in explainable Al (XAIl) frameworks
(Rane, et al., 2023).

Hybrid and Causal structures

Recent developments have been aimed at
incorporating ML with causal inference to
differentiate correlation from causation, that are
significant in strategic planning and policy
decisions. The double machine learning (DML)
framework is an approach that embraces ML
algorithms and econometric methods and estimates
the effect of treatment, controlling for the effect of
confounders (Wasserbacher, & Spindler, 2022).
The hybrid models allow financial analysts to test
the changes based on interventions (e.g., interest
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changes, marketing campaigns) and offer
prescriptive suggestions. Nevertheless, they must
be thoroughly modelled, and their domain

knowledge must be available so as not to estimate
biased and interpret incorrectly.

Hybrid Approaches
Neural + Decision Trees Ensemble Learning Neural + SVM

Benefits:
* Enhanced robustness
» Better generalization
* Reduced overfitting

« Improved predictive accuracy

Applications:
« Portfolio management
+ Algorithmic trading

« Market regime identification

Figure 1: illustrates literature sources from various researchers from this study.

Comparative performance studies show that no
algorithm is generally superior to others in all
financial tasks. Rather, a particular ML technique
must be seen as being effective based on the
characteristics of the data, forecasting horizon, and
other operational limits (Gupta, et al., 2020).
Model ensemble strategies present promising
results since combinations of the capabilities of
various algorithms (i.e., stacking neural networks
and boosting methods) have been better in
different studies (Chen, et al., 2021) (See Figure
1). As an illustration, the combination of LSTM
networks with other traditional econometric
models, namely, ARIMA, enhanced volatility and
price. movement predictions, particularly in
turbulent market regimes (Chen, et al., 2021).

Unsupervised and Reinforcement learning

The application of unsupervised learning methods
can be in the form of a useful tool to identify any
unobserved pattern in the financial data to inform
the supervised modes or the decision-making
process (Liu, & Lang, 2019). Statistical Clustering
algorithms, like K-means or hierarchical
clustering, aid market regime detection, which
allows organizations to trade optimally based on
the identified market regime phases, such as bull,
bear, or even sideways markets (Liu, et al., 2017).

The reduction techniques, such as Principal
Component Analysis (PCA), assist in pulling the
bulk of the data down to the concluding
characteristics, which alleviates the computational
overhead and allows the model to be interpreted
with ease.

Reinforcement learning (RL)

A subfield of machine learning that focuses on
sequential decision-making has received much
attention over its wuse case in portfolio
optimization, development of a trading strategy,
and risk management (Mnih, et al., 2015). RL
agents train themselves to do the best by
interacting with the environment, where they are
given reward messages, depending on profits or
risk-corrected returns. Deep Q-Networks (DQN)
and Actor-Critic architectures are some examples
of Deep RL models, and they have proven to be
more adaptive to the changes in the market
conditions as well as able to optimize complex
trading policies (Ndikum, & Ndikum, 2024). The
models are suitable for organizational objectives of
maximizing returns whilst managing risk
dynamically, particularly in high-frequency trading
settings.
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Nevertheless, RL methods have some problems
connected with sample efficiency, stability, and
interpretability. Inferences from the literature
revealed that they must be tightly validated,
controlled with risk, and used in a regulated
manner since they are applied in financial systems
(Mnih, et al., 2015). Notwithstanding these
challenges, it is precisely the possibility of RL
leading to the revolutionization of trading and
portfolio management that is an important area of
research focus.

Semi-supervised Learning

Semi-supervised learning has become a key
technology in financial forecasting, especially in
scenarios where there are limited amounts of
labelled data, but huge amounts of unlabeled data
are available (Han & Wang, 2021). As an
integration of the supervised and the unsupervised
models, semi-supervised models aim to maximize
predictive performance with the minimal cost and
effort of manual data annotation (Han & Wang,
2021). Semi-supervised learning can also be
applied in financial scenarios, where semi-
supervised learning allows institutions to derive
meaningful information even on partially labeled
datasets to improve generalization and flexibility
of the models when applied in credit scoring, fraud
detection and market sentiments (Han, 2020).
According to Wasserbacher and Spindler (2022),
there is a need to focus on it in the financial
planning and analysis (FP&A) field, where the
complexity of data and its speed require new
approaches to modeling. Instead, graph-based
methods, co-training, self-training and various
techniques permit financial models to grow in
concert with the changing patterns in consumer
behavior and markets. Due to the increasing
volume and variety of financial data, semi-
supervised learning is a viable alternative to
powerful forecasting and decision management
that does not entail prohibitive costs as its
complexity extends.

Comparative Empirical Evaluations

Empirical comparisons of ML techniques have
given good insights into their relative performance
on financial applications. Hashemi et al., (2022)
have done a thorough comparison of Logistic
Regression, Decision Trees, Random Forest, SVM,
and GBM on credit scoring, fraud detection, and
financial forecasting datasets. Their findings
indicated that GBM had constant and optimal
AUC results, followed by Random Forest and
linear models were poor in the nonlinear setups.
Their results support the necessity of a choice of

models that should be selected based on the
characteristics of data and the purpose of
forecasting (Hashemi, et al., 2022).

In addition to this, the generalization ability and
robustness in ensemble models were considerably
better, thus they can be ideal in high-stakes
financial decisions. Nonetheless, due to their
complexity, they require due diligence in terms of
validation, documentation, and governance to
reflect the regulatory standard and internal audit
practices (Hashemi, et al., 2022).

Also, comparative reviews in the literature depict
that the hybrid and ensemble models underperform
individual algorithms, but with careful tuning and
validation measures (Gupta et al., 2020). As an
example, the combination of Long Short-Term
Memory (LSTM) networks with conventional time
series models such as ARIMA improves forecasts
when it comes to volatility (Chen, et al., 2021).
The hybrid models are those that use the
advantages of the statistical models to extract
linear trends and deep learning models to model
the nonlinearities.

The efficiency of forecast models of financial
performance is based on multiple indicators, such
as Mean Absolute Error (MAE), Root Mean
Square Error (RMSE), and directional accuracy
(Gupta, et al., 2020). Whereas MAE and RMSE
are used to estimate the size of the prediction error,
directional accuracy attempts to estimate how
accurately a model reflects whether the market
goes up or down, which is a critical indicator of
trading and risk management (Liu, & Lang, 2019).
Also, some measures such as Sharpe ratio, Sortino
ratio and maximum drawdown are used to evaluate
the financial performance under actual-realistic
trading conditions.

Metrics  support  decision-making in  the
organization as they can be used to compare
models at various market regimes and operational
constraints. They are also used to balance
accuracy, interpretability and efficient
computation, as the most critical factors of concern
to financial institutions (Liu, et al., 2017).

Corporate Financial Planning and Analysis
(FP&A) integration

The use of ML in financial forecasting also has
serious implications in terms of corporate
restructuring, especially in departments that have
FP&A roles. In the case study of the global
logistics provider Kovacevic and Waterstraat
(2024), described how the company has shifted to
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an ML model that drives its earnings forecast, as
compared to a stepwise regression model. Such a
shift demanded the establishment of a Centre of
Excellence (CoE), where data scientists, financial
analysts, and IT professionals are all united. New
roles were created, such as ML engineers, model
validators and data governance officers and new
processes were redesigned so that it allow agile
development and continual model refinement.

The governance systems were also revised to
comprise model-risk committees, performance
dashboards, and audit paths that suggested
openness and responsibility. Upskilling training
was introduced to train finance staff in data
literacy and ideas of ML and to encourage cross-
functional cooperation.

According to their study, the effective integration
of ML is not only a technology-based activity. It
requires a comprehensive change of organizational
culture, structure and strategy. To achieve the
power of predictive analytics to the fullest,
companies must invest in change management,
engagement with stakeholders, and regulatory
alignment.

ML models used in the U.S. Financial Sector

ML models have been widely used in various
sectors in the U.S. financial industry, like in
predicting stock market prices, credit scoring,
fraud detection, and risk management. Neural
networks were used successfully in forecasting the
movements in the S&P 500 index, which allows
traders to formulate their strategy (Liu, & Lang,
2019). These models use a broad range of data
sources  such  as  technical indicators,
macroeconomic indicators, and sentiment analysis
of news and social media (Vashishth, et al., 2025).

Other regulatory agencies, such as the Federal
Reserve and the Securities and Exchange
Commission  (SEC), have also  started
experimenting with ML techniques to conduct
macroeconomic forecasts, monitoring Systemic
risk and compliance (Omopariola, & Aboaba,
2021). The fact that the Federal Reserve uses ML
models to forecast inflation, employment, and
financial stability indicators demonstrates the
organizational context of the adoption of advanced
analytics, especially the distribution of resources,
employee training, and model transparency.

Some of the advantages that have been cited by the
financial institutions include better prediction of
the forecast, quickening of the decision-making
cycles, and reduction of the risk. The strategy is

appreciated; however, the advantages are
accompanied by corporate global issues of data
control, checkpointing, and adherence to
regulations  (Ndikum, & Ndikum, 2023).
Implementation of ML models would cause a
major organizational shift, such as cross-functional
collaboration between data scientists, risk
managers, and compliance officers to make
fashions effective, intelligible, and positioned
alongside strategic goals.

CASE STUDIES

Best Practice of JP Morgan Using Machine
Learning on Equity Forecasting

A good example is that of JP Morgan Chase,
which is a prominent investment bank in the
United States, that has strategically employed the
concept of machine learning models to optimize its
equity projection structures. Conventionally, its
quantitative research department has been using
systems of linear factor models anchored on the
Capital Asset Pricing Model (CAPM) and
multifactor regressions, which admit successful
results in a stable market environment, but they are
constrained by the assumption of linearity, the
normal distribution, and  the residuals
independence (Gu. et al., 2020).

In 2017, JP Morgan incorporated Gradient
Boosting Machines (GBM), as well as Deep
Learning (DL) architecture like Long Short-Term
Memory (LSTM) networks into its predictive
analytics platform to predict short-term equity
returns (Gu et al., 2020). The use of GBM was
motivated by the fact that it uses weak learners to
aggregate to reduce the forecasting residuals in
order, whereas the use of LSTM networks was
justified by the fact that they have a better ability
to capture temporal dependencies in the sequential
data which is important in the modelling of
financial time series, due to the presence of
autocorrelations and volatility clustering (Fischer,
& Krauss, 2018).

JP Morgan Quantitative Research team conducted
tests of GBM models compared to the traditional
linear regression approach that showed that models
were about 8-10 percent better at RMSE reduction
and an almost 12 percent increase in directional
accuracy when forecasting S&P 500 constituent
stocks using the LSTM models at a 30-day horizon
(Gu, et al., 2020). GBM theoretically owed its
superiority to the fact that it is an ensemble
learning based procedure with the capability of
avoiding overfitting, as well as modelling non-
linearity by complicated interactions of

Copyright © 2022 The Author(s): This work is licensed under a Creative Commons Attribution- NonCommercial-NoDerivatives 4.0 45
(CC BY-NC-ND 4.0) International License

Publisher: SARC Publisher



Okeke, P. T. et al.,

Sarc. Jr. Eco. Bus. Man. vol-4, issue-10 (2025) pp-37-51

macroeconomic indicators, sentiment measures
and technical features (Chen, & Guestrin, 2016).
Conversely, the recurrent gating mechanism in
LSTM architecture allows learning long-range
sequence information successfully, especially in
sequential financial forecasting, compared to feed-
forward networks (Fischer, & Krauss, 2018).

Organizationally, the adoption of ML-based
predictive analytics changed the research activities
at JP Morgan by establishing a hybrid human-
machine approach of collaboration. Although ML
models offered strong predictive-related signals,
domain experts verified the results to make them
economically interpretable, and thus comply with
regulations (Makridakis, et al., 2018). The two-
fold experience increased confidence in the
decisions made by portfolio managers, trade
execution time and the ability to test different
scenarios in different market conditions.

Nevertheless, applying the DL framework was a
problem, especially regarding the explainability of
models and the latency of real-time push. JP
Morgan solved these by integrating SHAP
(SHapley Additive exPlanations) to model
attribution to be able to explain model drivers that
could be interpreted by the practitioners
(Lundberg, & Lee, 2017). In addition, excessive
computation requirements were alleviated through
GPU-enhanced computing clusters based on the
cloud, thus ensuring the scalability of operations.

This case shows the example of the best practice in
predictive analytics, which is the combination of
theoretical progress (ensemble learning, deep
learning approaches) and organizational activities
with the addition of human knowledge, rigorous
procurement, and explainability systems. Strategic
implementation of ML changed the forecasting
effectiveness, competitive standing and internal
research culture of JP Morgan to data-driven
innovation (Gu, et al., 2020).

Weak Practice, The use of Basic ML in the
prediction of credit risk by Small USA Regional
Banks.

On the contrary, several small and medium-scale
banks operating regionally in the United States
have shown a poor adoption of machine learning
in predicting financial performance, especially in
the modelling of credit risk. Research conducted
by Ahelegbey et al. (2020) revealed a significant
disparity between banking institutions' recognition
of machine learning's potential value and their
actual implementation practices. As an example, a

regional anonymized bank X investigated by
Ahelegbey et al. (2020) replaced its rule-based
credit scoring system with a Decision Tree
classifier trained on a few fixed borrower measures
(income, employment status, FICO score). The
comparative performance evaluation showed that
the accuracy increment was insignificant (up to 3-5
per cent) about the ensemble or deep learning
models, therefore, marginal, compared to a
probable increase in traditional logistic regression
models (Sivri, & Ustundag, 2024).

In theory, the Decision Tree model that is
implemented by Bank X is based on the concept of
simple recurring division, without the boosting or
bagging systems of advanced ensembles like
Random Forests or Gradient Boosting Machines,
which offer accuracy and lower variance (Chen &
Guestrin, 2016). In addition, no time series or
dynamic repayment behaviors were incorporated
and even though it increases the predictive power
of the model in practice, it only covers those
scenarios in which borrowers have the same
circumstance over time (Makridakis, et al., 2018).

Implications of this ineffective practice in
organizations are poor credit approval practices
and elevated ratios of non-performing loans. As
part of the post-implementation analysis, it was
found that the time model deployment took was
short, but there was no proper validation
framework formed, and as such, model risks were
not mitigated (Ahelegbey, et al., 2020). Besides,
risk management teams were not easy to accept it
because of the obscurity of model development
process, lack of tools to explain its results, and its
non-alignment with the regulation, including SR
11-7 model risk management guidelines that is
implemented by the U.S. banking regulators
(Kiritz, & Sarfati, 2018).

Also, the bank had not done a good job of putting
strong governance frameworks in place in relation
to ML implementation, whereby there could not be
a data science team to practice frequent re-
calibration of models, back testing, or scenario
analysis. This diminished the reliability of the
model as time progressed due to changes in
macroeconomic factors, which resulted in
performance degradation of predictive capabilities
and the confidence of the stakeholders
(Makridakis, et al., 2018).

Overall, this case demonstrates that the
implementation of simple ML models without
staying in line with theoretical development, strict
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validation procedures, and organizational change
governance leads to the least value addition and
regulatory risks. To gain a competitive edge, small
banks will have to invest in talent, infrastructure,
and governance so that they can take advantage of
predictive analytics (Ahelegbey et al., 2020).

Research Gap

Although the area of machine learning (ML)
application in financial forecasting is well-
developed both in literature and practice, there are
still several important gaps. To begin with,
explainable Al (XAIl) frameworks are poorly
integrated with high-performing machine learning
(ML) models and deep learning (DL), as well as
ensemble techniques, and financial institutions
need to control transparency and enhance
regulatory compliance (Olubusola et al., 2024).
Second, it has been estimated that many studies
evaluate predictive accuracy rather than the causal
inference ability of ML models, which
compromises strategic decisions and policy
developments (Wasserbacher & Spindler, 2022).
Thirdly, there is a lack of real-world organizational
understanding of the performance of models and

the costs of operation, change to management, and
governance to scale operations in  most
comparative studies, since they are conducted in a
controlled experimental setup in an organizational
context. In addition, the existing literature that has
compared the robustness of both econometric
models and ML is limited in the prowess of a
hybrid framework. And lastly, existing studies do
not satisfactorily cover the implications of real-
time data consolidation, latency and efficiency on
ML prediction within dynamic trading systems.
Filling these gaps would guide the creation of
interpretable, scalable and operationally aligned
ML solutions to financial forecasting in an age of
rising complexity and regulatory attention in the
market.

DISCUSSION & FINDINGS

In this qualitative literature review, it was
determined that machine learning procedures
dominated traditional statistical models in
predictive performance, flexibility, and scalability
in the United States marketplace forecasting (see
figure 1).
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Figure 2. Forms of ML algorithms, as well as their use (Percuku et al., 2025).

Case scenarios showed that in the cases of JP
Morgan, the best practices, involving the
integration of GBM and LSTM models, positively
impacted at least 12 percent in terms of
improvement in forecasting, as well as developing
a collaborative workflow between human and
machine, which increased confidence in decisions
and implementations (Gu et al., 2020). In contrast,
inefficient practices, as was the case in small
banks, indicated insignificant improvements, as
Decision Trees, which were naive, could not use
ensemble learning or feature engineering and

could not go through rigorous validation
(Ahelegbey et al., 2020). It is also found that the
choice of model will be made depending on the
nature of the data, forecast horizon, as well as
operational constraints. Nonetheless, even though
ML has higher prediction potential, there are still
issues related to model explainability, control, and
embedment into the current corporate framework.
Models Ensemble models, such as GBM, are
robust but expensive to compute and DL models,
such as LSTM, learn time series and have the
obstacle of interpretability. It is reiterated in the
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study that explainable hybrid systems involving a
mixture of causal inference with ML, resilient
governance systems, and real-time data pipelines
are required to realize the full strategic potential of
predictive analytics in financial forecasting.

CONCLUSION

This paper concludes that machine learning has
changed the nature of financial forecasting away
from linear, static, and econometric formulae to
dynamic, data-driven approaches that allow non-
linearity in market behavior to be captured.
Modern machine learning approaches, including
Gradient Boosting Machines (GBM), Long Short-
Term Memory networks (LSTMs), and hybrid
frameworks, have a higher predictive capability
than classic models as they also combine multiple
data sources and operate within volatile
environments. Nevertheless, technical efficiency is
only one requirement for the successful
operationalization of these methods; others are
explainability, organizational adjustment, and
regulatory coordination.

It is imperative to fill the gap in the existing
research to map the future direction of innovation.
To begin with, there is minimal interconnection of
XAl into high-performance ML and DL models
that limit trust and regulatory acceptance. Future
forecasting systems need to incorporate XAl
frameworks to ensemble deep models to enable
financial institutions to pursue predictive
performance and compliance transparency.
Secondly, the fact that much of the existing
research is dedicated only to predictive accuracy at
the expense of causal inference undermines
strategic policymaking. To help address this, it is
important that future studies consider causal ML
approaches that can not only enable forecasts to
determine what it is that will occur, but also why,
enhancing decision-making in the face of
uncertainty.
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