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Featured Application

This study provides a structured, cross-domain framework for selecting and deploying ma-
chine learning (ML) models in real-world systems, supporting data-driven decision-making
across smart manufacturing, healthcare, finance, robotics, and environmental sustainability.
By synthesizing methodological trends, deployment challenges, and domain-specific re-
quirements, the review enables practitioners and policymakers to identify appropriate ML
paradigms based on data availability, interpretability needs, and operational constraints.
The findings facilitate the design of robust, explainable, and scalable ML solutions for
applications such as predictive maintenance, clinical decision support, fraud detection,
autonomous system control, and environmental monitoring, while also guiding future re-
search toward underutilized approaches such as reinforcement learning and explainable AI.

Abstract

Machine learning (ML) has become a central enabler of data-driven decision-making across
smart manufacturing, healthcare, finance, computer vision, robotics, and environmental
sustainability. Despite the rapid growth of ML applications, existing review studies remain
largely domain-specific and provide limited cross-domain synthesis of methodological
trends, deployment challenges, and emerging research directions. This systematic literature
review aims to provide a comprehensive and comparative analysis of ML applications
across seven high-impact domains while identifying dominant learning paradigms, im-
plementation challenges, and future research opportunities. Following the PRISMA 2020
guidelines, peer-reviewed studies published between 2015 and 2025 were systematically col-
lected from major scientific databases, including ScienceDirect, IEEE Xplore, SpringerLink,
Wiley Online Library, MDPI, and Web of Science. Studies were screened using predefined
inclusion and exclusion criteria and categorized according to application domain, ML
paradigm, algorithm type, data characteristics, and deployment context. The findings
indicate that supervised learning and deep learning dominate most application areas, with
convolutional neural networks emerging as the primary approach for image-based and
perception-driven tasks. Reinforcement learning, although highly promising for sequential
decision-making and adaptive control, remains comparatively underutilized due to safety,
computational, and deployment constraints. Across domains, recurring challenges include
data quality, interpretability, scalability, model robustness, computational requirements,
and ethical considerations. Overall, this review provides a structured cross-domain synthe-
sis of ML applications and highlights the growing importance of explainable, trustworthy,
and deployable AI systems for future intelligent and sustainable technologies.
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1. Introduction
1.1. Background and Rationale

Machine learning (ML) has emerged as a foundational technology for intelligent
data-driven decision-making across a wide range of domains, including smart manufac-
turing, healthcare, finance, computer vision, robotics, and environmental sustainability.
Advances in computational power, data acquisition technologies, cloud computing, and
artificial intelligence (AI) algorithms have accelerated the adoption of ML systems capable
of performing prediction, classification, optimization, anomaly detection, and autonomous
decision-making tasks. Unlike traditional rule-based systems, ML models learn patterns
and relationships directly from data, enabling adaptive and scalable solutions for increas-
ingly complex real-world problems [1].

The proliferation of cyber-physical systems, IoT devices, and large-scale datasets has
established ML as central to modern intelligent systems across manufacturing, healthcare,
finance, computer vision, robotics, and environmental monitoring [2,3]. Despite this
rapid expansion, existing reviews remain largely domain-specific and descriptive, lacking
transparent cross-domain synthesis of methodological trends, deployment challenges,
and paradigm comparisons [4]. Issues including explainability, scalability, reinforcement
learning underutilization, and ethical deployment are addressed inconsistently across the
literature. This SLR synthesizes peer-reviewed studies (2015–2025) across seven domains
following PRISMA 2020 guidelines, providing a structured comparative assessment to
support the development of robust, explainable, and deployable ML systems.

A critical gap in the existing literature is the failure to interrogate why certain
paradigms persist across domains despite demonstrably superior alternatives, and what
structural barriers, economic, regulatory, or epistemic, sustain these patterns. For instance,
the continued dominance of supervised learning in healthcare and finance is not simply a
matter of technical suitability; it reflects the legal and institutional constraints of regulated
industries, where model auditability and liability are primary concerns that fundamentally
constrain algorithm selection independent of predictive performance [5–8].

Existing domain-specific reviews seldom articulate these boundary conditions, thereby
presenting a distorted picture of ML’s applicability and overstating the transferability of
methods across contexts. Furthermore, the comparative underutilization of reinforcement
learning, observed consistently across six of the seven domains reviewed, represents not
merely a research gap but a structural failure mode: RL’s sample inefficiency and safety-
critical exploration behavior create deployment barriers that no incremental algorithmic
improvement alone can resolve, and which require coordinated advances in simulation
fidelity, safe exploration theory, and domain-specific reward engineering [9].

1.2. Research Objectives and Research Questions

Specifically, this study addresses the following research questions:

• RQ1: Which machine learning paradigms and algorithms are most widely adopted
across different application domains?

• RQ2: What are the major technical, operational, and deployment challenges associated
with ML implementation across domains?
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• RQ3: How are explainability, robustness, scalability, and trustworthiness addressed in
existing ML applications?

• RQ4: What emerging trends and future research opportunities can be identified from
the cross-domain synthesis of ML studies?

2. Materials and Methods
2.1. Review Protocol and Reporting Guidelines

This study was conducted as a systematic literature review (SLR) following the Pre-
ferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA 2020) guide-
lines to ensure methodological transparency, reproducibility, and structured reporting. The
review process followed the four primary PRISMA phases: identification, screening, eligi-
bility assessment, and inclusion. The PRISMA framework was adopted to systematically
identify, evaluate, and synthesize peer-reviewed studies related to machine learning (ML)
applications across multiple domains. The review protocol was designed to establish con-
sistent procedures for literature searching, study selection, data extraction, and qualitative
synthesis. The review was not formally registered in an external review registry.

The study selection process is illustrated in the PRISMA 2020 flow diagram below
(Figure 1), summarizing the number of records identified, screened, assessed for eligibility,
and ultimately included in the review.

Figure 1. PRISMA 2020 flow diagram—Study selection process.

2.2. Eligibility Criteria

Eligibility criteria were established prior to the literature search to ensure consistency
and relevance in study selection. Studies were included if they satisfied the following
criteria:

• Published in peer-reviewed journals or conference proceedings;
• Written in the English language;
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• Published between 2015 and 2025;
• Focused on real-world applications of machine learning;
• Addressed at least one of the following domains: smart manufacturing, additive manu-

facturing, healthcare, finance and banking, computer vision, robotics and autonomous
systems, or environmental sustainability;

• Investigated supervised learning, unsupervised learning, deep learning, reinforcement
learning, or hybrid ML approaches;

• Provided sufficient methodological and application-related detail.

Studies were excluded if they:

• Were editorials, opinion papers, tutorials, white papers, theses, or non-peer-reviewed
publications;

• Focused solely on theoretical algorithm development without application context;
• Lacked sufficient methodological clarity or application detail;
• Were duplicate publications;
• Fell outside the specified publication timeframe.

The literature search covered six databases, ScienceDirect, IEEE Xplore, SpringerLink,
Wiley Online Library, MDPI, and Web of Science, using Boolean keyword combinations
pairing ML paradigm terms with each domain application (e.g., ‘machine learning’ AND
‘predictive maintenance’; ‘deep learning’ AND ‘medical imaging’). Records were dedupli-
cated, screened by title/abstract, then assessed by full text. A qualitative taxonomy-driven
synthesis was adopted given the heterogeneity of datasets, metrics, and domains, focus-
ing on dominant paradigms, deployment challenges, explainability considerations, and
emerging research gaps.

2.3. Domain-Specific Applications
2.3.1. Application of ML in Smart Manufacturing, Additive Manufacturing, and
Industry 4.0

Machine learning (ML) has become a central enabler of Industry 4.0 by supporting
data-driven automation, monitoring, and optimization in increasingly complex manu-
facturing systems. The rapid growth of ML adoption in manufacturing is closely linked
to the proliferation of big data generated by cyber–physical systems, smart sensors, and
interconnected production platforms. While this data presents significant opportunities
for enhanced decision-making, it also introduces challenges related to high dimensionality,
heterogeneity, uncertainty, and system dynamics [2].

Manufacturing environments often suffer from incomplete, noisy, redundant, or ir-
relevant data, which can degrade ML model performance if not properly addressed [10].
In addition, the widespread use of cloud-based storage and wireless communication for
remote monitoring and control raises critical concerns related to data privacy, cybersecurity,
and system reliability. These challenges are further exacerbated when data are distributed
across multiple physical locations, requiring robust communication infrastructures to
support integrated learning and real-time decision-making [10].

Supervised learning, SVMs, decision trees, random forests, dominates predictive
maintenance, quality prediction, and fault classification, driven by labeled sensor data
availability [2,11]. Bertolini et al. [4] identified a sharp post-2015 increase in deep learning
adoption, with CNNs emerging as the primary approach for visual inspection and defect
detection. Reinforcement learning has been explored for adaptive scheduling and process
optimization but remains limited by training costs and safety constraints [10,12]. For Addi-
tive Manufacturing (AM), supervised learning predicts surface roughness, dimensional
accuracy, and defect occurrence from process parameters [13]. CNNs underpin layer-wise
in-situ monitoring and melt-pool analysis, while the domain is characterized by small
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datasets, limited benchmarks, and predominantly proof-of-concept deployments, with rein-
forcement learning offering underexplored potential for closed-loop process control [14,15].

Looking ahead, future trends emphasize the development of adaptive and autonomous
ML algorithms capable of learning under uncertainty and dynamic conditions. Hybrid
approaches that combine multiple learning paradigms are gaining traction in flexible man-
ufacturing systems [16]. However, a persistent barrier to broader adoption remains the
shortage of skilled professionals in data science, optimization, and industrial AI, which
continues to limit the effective deployment of ML technologies in manufacturing environ-
ments [14].

The literature highlights several persistent and emerging challenges in modern manu-
facturing systems [14–19], including:

• noisy industrial sensor data;
• limited labeled datasets;
• model generalization across operating conditions;
• real-time deployment constraints.

These challenges collectively reflect the increasing complexity and dynamism of man-
ufacturing systems, which are further intensified by uncertainty in global business environ-
ments. Complexity arises not only within production operations but also across product
design lifecycles and inter-organizational business processes. Moreover, the widespread
deployment of sensors, cyber-physical systems, and Industrial Internet of Things (IIoT)
technologies has led to an unprecedented growth in manufacturing data. While this data
richness creates significant opportunities, it also introduces major challenges related to
high dimensionality, heterogeneity, noise, data quality, and the computational intractability
of many manufacturing optimization problems [20].

2.3.2. Application of ML in the Finance & Banking

Empirical finance research has traditionally focused on modeling economic relation-
ships and estimating the direction and magnitude of causal effects, such as the influence
of firm characteristics on capital structure or the impact of regulatory changes on market
behavior. Conventional econometric approaches prioritize inference and hypothesis testing,
whereas machine learning (ML) emphasizes predictive performance and the discovery of
complex patterns within large and high-dimensional financial datasets [21]. Rather than
explicitly modeling causality, ML techniques learn functional relationships from data to
generate predictions for new observations based on observed features.

Supervised methods such as logistic regression, SVMs, and ensemble methods (Ran-
dom Forest, Boosted Regression Trees), dominate credit scoring, fraud detection, and risk
assessment, collectively accounting for the majority of reviewed applications and favored
for interpretability and regulatory compatibility [21]. Linear models retain a share where
transparency is legally required. Reinforcement learning is more prominent in finance
than in most other domains, applied to portfolio optimization and algorithmic trading
via Deep Q-Networks and policy gradient methods, though deployment is constrained
by market non-stationarity and risk management requirements [21,22]. DNNs lead deep
learning applications for pattern recognition and market forecasting; RNNs appear least
frequently despite their alignment with financial time series attributed to training com-
plexity and hyperparameter sensitivity by Hoang and Wiegratz [21]. Persistent challenges
include adversarial fraud evolution, model bias, and the need for fair, continually adaptive
ML systems.
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2.3.3. Application of ML in the Computer Vision

Machine learning (ML) is the foundational driver of modern computer vision sys-
tems, enabling automated interpretation of visual data across applications such as object
detection, image classification, visual inspection, and scene understanding. Deep learning,
particularly convolutional neural networks (CNNs), dominates this domain due to its
ability to learn hierarchical spatial features directly from raw image data [23]. Supervised
learning remains the most widely used paradigm, supported by the availability of large
labeled image datasets, while unsupervised and self-supervised learning methods are
gaining attention as viable alternatives to reduce reliance on costly manual labeling [24].

CNNs dominate across object detection, classification, and segmentation tasks, with
Vision Transformers (ViT) increasingly competitive on large-scale benchmarks [23,25–27].

Key barriers include the labor-intensive nature of data labeling, the majority of real-
world visual data is unstructured and unlabeled, high computational requirements for
training, and concerns about synthetic dataset reliability [23,28,29]. Self-supervised ap-
proaches are gaining traction as scalable alternatives to manual annotation. Reinforcement
learning has limited but emerging relevance in active perception and vision-based control.
Explainability, adversarial robustness, and bias mitigation remain unresolved research
priorities, while lightweight architectures (MobileNet, EfficientNet) address deployment
constraints in resource-limited settings [25,26].

2.3.4. Application of ML in the Autonomous Systems & Robotics

The integration of artificial intelligence (AI), machine learning (ML), and deep learning
(DL) has fundamentally transformed autonomous systems and robotics, enabling intelligent
perception, control, and decision-making in complex and dynamic environments. These
technologies allow robotic systems to automate tasks, adapt to changing conditions, and
operate with increased precision, safety, and efficiency across industrial, service, and
autonomous applications [30].

Supervised learning supports perception tasks, object recognition, localization, sensor
fusion, using labeled visual and sensory data [31]. CNNs and DNNs dominate navigation,
mapping, and motion planning, extracting spatial and temporal features from multimodal
sensor inputs [31]. Reinforcement learning shows higher adoption in robotics than in
most other reviewed domains, providing a principled framework for sequential control
through environmental interaction [9]. However, RL deployment remains constrained by
high sample complexity, simulation dependency, and the sim-to-real transfer gap [9,32].
Critical challenges include real-time computational demands, adaptability to dynamic
environments, safety in human-robot interaction, and ethical implications of autonomous
decision-making [33]. Future directions include safe RL, lifelong learning, and explainable
autonomous control systems.

The use of AI and ML in robotics reduces labor dependency and maintenance expen-
ditures, improving economic feasibility for industrial applications [34].

While AI, ML, and DL offer substantial benefits to robotics, they also present several
significant challenges. One of the foremost issues is the requirement for large volumes
of high-quality data to effectively train these algorithms. Data collection, labeling, and
annotation are often costly and time-consuming, and the resulting datasets can be noisy or
biased, factors that undermine model accuracy and reliability. This challenge is amplified
in robotics, where acquiring consistent and relevant data is inherently difficult due to the
complexity of real-world environments. Moreover, many robotics applications demand
real-time data processing, which is computationally intensive and often requires specialized
hardware [31].The need for high processing power to handle massive data volumes, build
predictive models, and make real-time decisions is at odds with the energy and computing
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limitations of robotic platforms [35]. Another major hurdle is adaptability. Robots are
expected to operate in dynamic, unpredictable environments, which necessitates the ability
to learn from new experiences and adapt behavior accordingly. Designing AI/ML/DL
models that can generalize beyond their training data and handle novel scenarios remains
a considerable technical challenge. Safety is also a critical concern. As robots become
more autonomous and increasingly interact with humans, ensuring safe and reliable
operation becomes essential. AI systems must be able to detect and respond to hazards,
avoid collisions, and function correctly in diverse environments [36,37]. Achieving this
requires robust algorithms and high-fidelity sensors capable of accurately perceiving and
interpreting the surroundings [38]. Beyond technical challenges, there are also ethical and
societal implications. Concerns include the displacement of jobs due to automation, the
potential for algorithmic bias, and the misuse of robotics in harmful applications such
as military operations or surveillance [33]. These issues underscore the need for ethical
frameworks and policy regulations to guide the responsible development and deployment
of intelligent robotic systems.

2.3.5. Application of ML in the Healthcare

Machine learning (ML) has gained substantial traction in healthcare over the past
decade, driven by advances in computational power, increased availability of large-scale
medical data, and the digitization of healthcare systems. ML has contributed to automating
clinical workflows, enhancing diagnostic accuracy, and supporting data-driven clinical
decision-making. Its impact is particularly evident in medical imaging, electronic health
record (EHR) analysis, disease risk prediction, and mobile health (mHealth) applications,
where complex and high-dimensional data exceed the analytical capacity of traditional
biostatistical methods.

Supervised learning represents the most widely adopted ML paradigm in healthcare,
supporting tasks such as disease classification, outcome prediction, and clinical decision
support. Models trained on structured and unstructured EHR data can identify disease-
associated variables, uncover nonlinear relationships, and improve predictive accuracy for
diagnosis and prognosis [5]. In medical imaging, deep learning, especially convolutional
neural networks (CNNs), has achieved state-of-the-art performance in applications such as
organ identification, tumor detection, lung disease classification, brain tumor segmenta-
tion, and image reconstruction, significantly advancing radiology and diagnostic imaging
workflows [39].

Unsupervised learning techniques play a complementary role by enabling patient
stratification, phenotyping, and exploratory analysis of complex biomedical datasets. These
methods facilitate the discovery of latent disease subtypes and patterns that are not ex-
plicitly labeled, supporting personalized medicine and population health analysis. Rein-
forcement learning has also been explored for treatment optimization, adaptive therapy
planning, and personalized intervention strategies. However, its real-world deployment
remains limited due to ethical considerations, patient safety concerns, data scarcity, and the
difficulty of validating sequential decision-making models in clinical settings.

2.3.6. Application of ML in the Environmental and Sustainability

Climate change, rapid urbanization, and population growth have intensified environ-
mental pressures, posing significant challenges to the sustainability of urban and natural
systems. In response, machine learning (ML) has increasingly been integrated with re-
mote sensing and environmental monitoring technologies to support data-driven analysis,
prediction, and decision-making. These approaches enable large-scale assessment of envi-
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ronmental conditions, facilitate early warning systems, and support the development of
mitigation and adaptation strategies.

A substantial body of research combines ML with remote sensing data such as satellite
imagery, aerial photography, and LiDAR, to analyze land-use change, urban expansion, air
quality, climate patterns, and ecosystem dynamics. These data sources are widely used due
to their broad spatial coverage, high resolution, and cost-effectiveness. However, existing
studies remain geographically concentrated in Asia, Europe, and North America, reflecting
disparities in technological infrastructure, data availability, and governance frameworks.
This concentration underscores the need for more inclusive and responsible ML deployment
in data-scarce and underrepresented regions.

Supervised learning dominates environmental and sustainability applications, driven
by the availability of labeled datasets for tasks such as land-cover classification, air quality
prediction, and climate variable estimation [36]. Deep learning approaches, particularly
convolutional neural networks, are extensively applied to satellite image analysis, object
detection, and spatiotemporal modeling, enabling high-accuracy interpretation of complex
environmental data. Unsupervised learning methods complement these efforts by support-
ing pattern discovery, clustering, and dimensionality reduction in large, heterogeneous
environmental datasets, facilitating exploratory analysis and knowledge extraction [40].

Despite methodological advances, many ML-driven environmental systems continue
to rely heavily on human oversight during critical stages, including image acquisition,
data validation, and final decision-making. Moreover, existing research often prioritizes
physical and spatial variables, such as land use, vegetation cover, and atmospheric compo-
sition, while underrepresenting socioeconomic factors. Integrating multi-source data that
combines environmental, demographic, and economic information remains a key challenge
for achieving holistic sustainability assessments.

The comparative analysis revealed both shared and domain-specific trends in machine
learning adoption and deployment. Comparative Cross-Domain Synthesis is presented in
Table 1.

Table 1. Comparative cross-domain synthesis.

Domain Dominant Algorithms Common Dataset
Types Major Challenges Explainability

Adoption RL Adoption

Manufacturing RF, SVM, ANN, CNN Sensor data, process
data

Noise, real-time
constraints Moderate Low

Healthcare CNN, RF, Logistic
Regression Medical images, EHRs Privacy, regulation,

imbalance High Low

Finance XGBoost, DNN, Logistic
Regression

Transactions, market
data

Security,
interpretability High Moderate

Computer Vision CNN, Transformers Images, video Computational cost Low–Moderate Low

Robotics RL, Deep RL, CNN Sensor and simulation
data

Safety, deployment
complexity Moderate High

Environmental
Systems CNN, LSTM, RF Climate and geospatial

data Data heterogeneity Moderate Low

Across domains, supervised learning remained the most mature and widely deployed
paradigm, while deep learning dominated perception-based applications involving image and
sequential data. Reinforcement learning demonstrated strong promise for adaptive decision-
making but remained underutilized outside robotics and autonomous control systems.

Several common deployment challenges emerged across domains, including:

• Salability limitations;
• Lack of explainability;
• Computational cost;
• Data quality concerns;
• Robustness under changing operational conditions;
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• Ethical and regulatory constraints.

The comparative synthesis further highlighted the growing importance of explainable,
trustworthy, and deployable AI systems capable of balancing predictive performance with
interpretability, robustness, and operational reliability.

2.4. Comparative Analysis Across Domains

This study’s cross-domain analysis of Machine Learning (ML) applications reveals
several key insights regarding the maturity, diversity, and research focus of ML integration
across major industrial and societal sectors. The results demonstrate that while ML is
broadly adopted, its depth, transparency, and methodological rigor vary substantially
among domains. The pie chart in Figure 2, illustrates the distribution of ML Applications
across various Domains and Table 2 represents the common ML Algorithms by Domain.
Figure 3 presents the Heatmap of ML Paradigm Frequencies Across Domains.

Figure 2. Distribution of ML applications across various domains.

Table 2. Common machine learning algorithms by domain.

Domain Frequently Used Machine Learning Algorithms

Industry 4.0 & Manufacturing
Random Forest, Support Vector Machines (SVM),
Gradient Boosting, Convolutional Neural Networks
(CNN), Long Short-Term Memory (LSTM)

Additive Manufacturing Random Forest, Support Vector Machines (SVM),
Gaussian Process Regression, CNN, LSTM

Finance & Banking XGBoost, Random Forest, Logistic Regression, Neural
Networks, Support Vector Machines (SVM)

Computer Vision Convolutional Neural Networks (CNN), Vision
Transformers (ViT), Autoencoders, U-Net, YOLO

Autonomous & Robotics Reinforcement Learning (Q-learning, Deep
Q-Networks), Policy Gradient Methods, CNN, LSTM

Healthcare Logistic Regression, Random Forest, CNN, Recurrent
Neural Networks (RNN), XGBoost

Environmental and Sustainability Linear Regression, Random Forest, Gradient Boosting,
LSTM, Gaussian Processes
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Figure 3. Heatmap for frequency of ML paradigms across domains.

2.4.1. Applications of ML Methods Across Domains

Figures 4–10, represents the Pareto Chart of ML Methods in different Domains. Accord-
ing to figures, in the Environmental & Sustainability domain, supervised learning accounts
for the largest share of reviewed ML applications, reflecting the widespread availability of
labeled remote sensing, climate, and environmental monitoring datasets used in tasks such
as air quality prediction, land-cover classification, and climate variable estimation [36]. This
dominance is consistent with findings by Linaza et al. [36] and Garg [37], who identified
supervised approaches as the primary paradigm in precision agriculture and environ-
mental monitoring due to their strong performance on well-defined prediction targets.
Deep learning constitutes the second largest share, with Convolutional Neural Networks
(CNNs) and Long Short-Term Memory (LSTM) networks applied extensively to satellite
image analysis, spatiotemporal forecasting, and object detection in geospatial data [25,26].
The complexity and high dimensionality of remote sensing data, including multispectral
imagery, LiDAR point clouds, and temporal climate records, make deep architectures
particularly well-suited to this domain. Reinforcement learning (RL) remains substan-
tially underrepresented in environmental applications, accounting for a small fraction of
reviewed studies. However, its theoretical potential for adaptive energy management,
dynamic resource allocation, and smart grid optimization is well-established [36]. The lim-
ited adoption of RL is attributable to challenges in defining appropriate reward functions
for continuous environmental systems, the high computational cost of training, and the
difficulty of validating RL policies in safety-critical environmental contexts. Unsupervised
learning plays a complementary rather than primary role, typically applied to clustering of
land-use patterns, dimensionality reduction in high-dimensional geospatial datasets, and
exploratory analysis where labeled training data are scarce.
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Figure 4. Pareto chart of ML methods in environmental & sustainability.

Figure 5. Pareto chart of ML methods in Industry 4.0 & manufacturing.

Figure 6. Pareto chart of ML methods in finance.
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Figure 7. Pareto chart of ML methods in autonomous systems and robotics.

Figure 8. Pareto chart of ML methods in additive manufacturing.

Figure 9. Pareto chart of ML methods in healthcare.
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Figure 10. Pareto chart of ML methods in computer vision.

In the Finance and Banking domain, reinforcement learning accounts for a notably
higher proportion of reviewed studies relative to most other domains, driven by its suit-
ability for sequential trading decisions, portfolio optimization, and adaptive strategy
development under dynamic market conditions [21,41]. Deep reinforcement learning vari-
ants, including Deep Q-Networks and policy gradient methods, are applied extensively
to algorithmic trading and quantitative finance problems, where the capacity to model
temporal reward structures provides a clear advantage over purely supervised formula-
tions [21]. Supervised learning retains a significant presence, particularly for credit risk
prediction, fraud detection, and return forecasting tasks, where labeled historical datasets
enable reliable training of classification and regression models. Deep learning architectures,
including Deep Neural Networks (DNNs) and CNNs, have gained traction for processing
unstructured textual data such as earnings announcements and sentiment signals from
financial news, though their adoption remains less widespread than in perception-driven
domains. The relatively balanced distribution of ML paradigms in finance, contrasting with
the supervised-learning dominance observed in manufacturing and healthcare, reflects the
domain’s unique combination of structured transaction data, sequential decision problems,
and high tolerance for algorithmic complexity.

In the Autonomous Systems and Robotics domain, deep learning constitutes the
dominant ML paradigm, accounting for the largest share of reviewed applications. This
predominance reflects the central role of perception tasks, including visual object detection,
semantic segmentation, and sensor fusion, in autonomous systems, for which CNNs and
DNNs are architecturally well-suited [31]. Convolutional architectures in particular under-
pin the majority of vision-based control and navigation applications reviewed, consistent
with their proven performance on image recognition benchmarks and their capacity to learn
robust spatial feature representations directly from raw sensor data [31]. Reinforcement
learning maintains a meaningful but comparatively smaller share, reflecting its application
to sequential decision-making and adaptive robot control problems, including manipu-
lation, locomotion, and autonomous navigation [9]. Its adoption remains constrained
by well-documented practical barriers: high sample complexity, the need for simulation
environments to generate sufficient training experience, and significant challenges in
transferring learned policies to real-world deployment settings [9]. Supervised learning
represents the smallest paradigm share in this domain, reflecting the limited applicability
of purely label-driven prediction approaches to the continuous-action, high-dimensional
control problems that characterize robotics.
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In the Additive Manufacturing domain, supervised learning leads the distribution
of reviewed ML applications, followed by deep learning, with unsupervised and rein-
forcement learning accounting for only marginal shares. The dominance of supervised
methods reflects the structured nature of many AM prediction tasks, such as dimensional
accuracy prediction, process parameter optimization, and defect classification, which pair
well with labeled training datasets derived from experimental print runs [13]. However, the
availability of sufficiently large and diverse labeled datasets remains a recognized challenge
in this domain, particularly for novel materials and non-standard build geometries [14].
Deep learning methods, primarily CNNs and ANNs, are applied to in-situ monitoring
tasks including layer-wise defect detection and thermal process characterization, where the
capacity for automated feature extraction from image and sensor data provides a measur-
able advantage over hand-engineered feature approaches [13]. The modest but growing
presence of unsupervised methods, primarily PCA and K-Means Clustering, reflects their
role in print anomaly detection and exploratory analysis of process parameter spaces where
labeled data are unavailable.

In the Healthcare domain, supervised learning is the overwhelmingly dominant
paradigm, consistent with the availability of large, well-curated clinical datasets, including
diagnostic labels, treatment outcomes, and annotated medical images, that enable reliable
model training for classification and prediction tasks [5]. Logistic regression, random
forests, and support vector machines are extensively applied to structured electronic health
record (EHR) data for disease prediction, risk stratification, and clinical decision support,
where their interpretability supports regulatory compliance and clinician trust [39]. Deep
learning, particularly CNNs, accounts for the second largest share, driven primarily by med-
ical imaging applications in radiology and pathology, where convolutional architectures
demonstrate strong performance on tasks such as tumor detection, lesion segmentation,
and diagnostic classification [5]. The moderate but meaningful adoption of deep learning in
healthcare reflects both its predictive power and the growing availability of large annotated
imaging datasets such as those from MIMIC and similar repositories. Recurrent neural
networks and other sequence models remain comparatively underrepresented despite
their theoretical suitability for temporal EHR data and longitudinal patient monitoring,
suggesting a continuing research gap in sequential clinical modelling [7,8]. Unsuper-
vised methods are applied selectively to patient clustering, dimensionality reduction in
high-dimensional genomic data, and anomaly detection in monitoring streams, though
their deployment in clinical settings is constrained by the interpretability requirements of
healthcare applications.

In the Computer Vision domain, deep learning accounts for the overwhelming majority
of reviewed applications, to a degree that distinguishes this domain from all others in the
synthesis. This near-exclusive reliance on deep architectures reflects the fundamental nature
of visual data processing: the hierarchical, multi-layer feature representations learned by
CNNs are architecturally well-matched to the spatial structure of image data, enabling end-
to-end learning from raw pixels without manual feature engineering [23]. CNNs dominate
across object detection, image classification, and segmentation tasks, while transformer-
based architectures, including Vision Transformers (ViT), are increasingly adopted for tasks
requiring long-range spatial context modelling [25,26]. The limited presence of supervised
non-deep methods, including SVMs and logistic regression, is confined to lower-complexity
classification settings where smaller datasets or computational constraints preclude the use
of deep architectures. Reinforcement learning has minimal representation in the reviewed
computer vision literature, with its application largely confined to active perception and
attention-driven image analysis tasks. The dominance of deep learning in this domain also
reflects an important limitation: the computational and data requirements of deep vision
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models create significant barriers for deployment in resource-constrained environments, a
challenge that emerging lightweight architectures such as MobileNet and EfficientNet are
beginning to address [25,26].

2.4.2. Applications of ML Algorithms by Method Type Across Domains

Figures 11–17, represents the Stacked Bar Chart of ML Algorithms by Method Type in
different Domains. According to figures, in the Environmental and Sustainability domain,
Support Vector Machines (SVMs) and Random Forests lead among supervised algorithms,
reflecting their strong track record in land-cover classification, air quality prediction, and
environmental risk modelling tasks where labeled remote sensing datasets are available [36].
Their prevalence over simpler methods such as linear regression reflects the nonlinear
and high-dimensional character of environmental feature spaces derived from satellite
imagery and atmospheric measurement systems. Among unsupervised approaches, PCA
and Gaussian Mixture Models (GMMs) are the primary methods applied, principally for
dimensionality reduction of hyperspectral and multispectral datasets and for clustering
spatiotemporal environmental monitoring records. Within deep learning, CNNs lead
the distribution, consistent with their strong performance on spatial image analysis tasks
such as land-use change detection and urban expansion mapping [25,26]. LSTM networks
and RNNs account for a secondary deep learning share, applied to temporal forecasting
of climate variables, energy demand, and atmospheric pollution concentrations where
sequential dependencies in time-series data are critical. Reinforcement learning shows a
limited but notable presence in manufacturing and Industry 4.0 applications within this
grouping, applied primarily to dynamic production scheduling, inventory management,
and process optimization under variable demand conditions [42]. The integration of ML
with IoT sensor networks and digital twin frameworks is an emerging trend in this domain,
with several reviewed studies demonstrating that combining real-time sensor streams with
predictive models substantially improves fault detection lead times and reduces unplanned
downtime [11].

In the Finance and Banking domain, the distribution of supervised algorithms reveals
a concentration around high-performing nonlinear and ensemble methods. Support Vector
Machines (SVMs), Random Forests (RF), and Boosted Regression Trees (BRT) collectively
account for a substantial majority of the supervised learning applications reviewed, reflect-
ing their robust generalization performance on financial prediction tasks such as credit
default forecasting, return prediction, and fraud classification, where complex nonlinear re-
lationships between features are common [21]. Traditional linear models, including logistic
regression and linear regression, account for a smaller but non-negligible share, typically
applied in settings where interpretability and regulatory transparency are paramount, such
as credit scoring subject to fair lending requirements [21]. Among unsupervised methods,
K-Means Clustering and Gaussian Mixture Models (GMMs) are the primary algorithms
identified, applied to customer segmentation and portfolio clustering tasks; their limited
overall frequency in the reviewed literature indicates that unsupervised learning is not yet
widely deployed in mainstream financial ML workflows. Within deep learning, Deep Neu-
ral Networks (DNNs) account for the largest share, followed by CNNs and ANNs applied
to text-based sentiment analysis and multi-modal financial data fusion tasks. Recurrent
Neural Networks (RNNs) appear least frequently despite their theoretical alignment with
sequential financial time series, a gap noted also by Hoang and Wiegratz [22], who observed
that the complexity of RNN training and hyperparameter sensitivity may limit their adop-
tion in practitioner-oriented financial research. The overall algorithm distribution in finance
reflects the domain’s dual emphasis on predictive accuracy and model interpretability, with
ensemble methods striking a practical balance between the two objectives.
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Figure 11. Stacked bar chart of ML algorithms by method type in environmental & sustainability.

Figure 12. Stacked bar chart of ML algorithms by method type in Industry 4.0 & manufacturing.

Figure 13. Stacked bar chart of ML algorithms by method type in finance.
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Figure 14. Stacked bar chart of ML algorithms by method type in autonomous systems and robotics.

Figure 15. Stacked bar chart of ML algorithms by method type in additive manufacturing.

Figure 16. Stacked bar chart of ML algorithms by method type in healthcare.
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Figure 17. Stacked bar chart of ML algorithms by method type in computer vision.

In the Autonomous Systems and Robotics domain, the algorithm distribution is
strongly concentrated in deep learning, with CNNs and DNNs together accounting for
the large majority of reviewed applications. CNNs are deployed primarily for perception
tasks, including object detection, obstacle recognition, and scene understanding, which are
foundational to autonomous navigation and inspection systems [31]. DNNs serve broader
function-approximation roles in control pipelines where sensor inputs must be mapped
to continuous action spaces. Supervised learning is confined almost exclusively to SVM-
based applications in this domain, reflecting its limited applicability to the continuous,
high-dimensional control problems characteristic of robotics. Reinforcement learning,
represented primarily by Q-Learning and Deep Q-Learning methods, accounts for a smaller
but analytically significant share, applied to manipulation, locomotion, and adaptive control
problems [9]. The underrepresentation of RL relative to deep learning is consistent with
the substantial practical barriers to its deployment in physical systems, including sample
inefficiency, safety constraints during exploration, and the sim-to-real transfer gap that
remains an open research challenge [9]. Notably, the reviewed literature shows minimal
use of Artificial Neural Networks (ANNs) in this domain, a pattern that distinguishes
robotics from manufacturing and healthcare, where ANNs remain prevalent for regression
and classification tasks on structured sensor data.

In the Additive Manufacturing domain, deep learning architectures dominate the
reviewed literature, with Convolutional Neural Networks (CNNs) applied primarily to
in-situ defect detection and layer-wise print quality monitoring, and Artificial Neural Net-
works (ANNs) employed for process parameter prediction and performance modelling [13].
Among unsupervised methods, usage remains limited; where applied, Principal Com-
ponent Analysis (PCA) and K-Means Clustering are the predominant choices, typically
serving dimensionality reduction and print anomaly clustering functions [14]. Overall, ML
adoption in additive manufacturing remains at a comparatively early stage of maturity
relative to domains such as manufacturing and healthcare, a pattern also observed by Jiang
et al. [13], who noted that the field is characterized by small experimental datasets, limited
benchmark standards, and a predominance of proof-of-concept studies over deployed
systems. The predominance of supervised learning approaches, which require substantial
volumes of labeled defect or process data, may constrain methodological diversity and
hinder the exploration of more adaptive paradigms capable of operating in low-label or
continually changing production environments [13]. Emerging research directions include
reinforcement learning for self-optimizing print control strategies and unsupervised in-
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process quality assessment frameworks capable of detecting novel defect types without
prior annotation.

In the Healthcare domain, logistic regression and decision trees are the most frequently
applied supervised algorithms, reflecting the field’s strong emphasis on model interpretabil-
ity and clinical transparency [5]. These methods offer predictive performance competitive
with more complex approaches on structured tabular clinical data, while supporting ex-
plainable outputs that are essential for regulatory approval and clinical adoption [7,8].
Random forests and support vector machines also appear frequently, particularly for multi-
class disease classification and risk stratification tasks using EHR-derived features. Among
unsupervised approaches, K-Means Clustering and PCA are applied selectively, primar-
ily for patient cohort discovery in population health studies and for feature reduction
in high-dimensional genomic or proteomic datasets, though their deployment in direct
clinical decision support remains limited due to interpretability concerns [39]. Within deep
learning, CNNs account for the dominant share, concentrated in medical imaging applica-
tions including radiological diagnosis, histopathological image analysis, and retinal fundus
assessment, where their spatial feature extraction capabilities significantly outperform tra-
ditional handcrafted feature approaches [5]. Recurrent Neural Networks and LSTM models
are underrepresented relative to their theoretical suitability for longitudinal EHR and wear-
able sensor data, suggesting an important research opportunity for sequence-aware clinical
modelling. The overall algorithm distribution reflects the particular demands of healthcare
ML: predictive accuracy must be balanced against interpretability, regulatory compliance,
and safety, a constraint that continues to favor traditional statistical and ensemble methods
alongside selectively applied deep learning systems [7,8].

In the Computer Vision domain, CNNs and Deep Neural Networks (DNNs) collec-
tively dominate the algorithm distribution to a degree not observed in any other domain in
this review. CNNs are the primary architecture across object detection, image classification,
semantic segmentation, and visual quality inspection tasks, underpinned by a large body of
evidence demonstrating their superiority over hand-crafted feature methods on standard
computer vision benchmarks [23]. Within the supervised non-deep category, Support
Vector Machines and logistic regression retain a presence in lower-complexity recognition
tasks and in settings where the limited size of training datasets makes deep architecture
training impractical. The emergence of Vision Transformers (ViT) and attention-based
architectures represents a significant methodological development within the period re-
viewed, with transformer models increasingly competitive with or superior to CNNs on
large-scale image recognition benchmarks [25,26]. This trend suggests that the algorithmic
landscape of computer vision is undergoing a paradigm shift, with implications for the
types of pre-training, fine-tuning, and transfer learning strategies that will define the field
in coming years [43].

2.4.3. Comparative Frequency of Machine Learning Paradigms Across Seven
Application Domains

Figure 18 summarizes the distribution of supervised learning, unsupervised learning,
deep learning, and reinforcement learning methods identified through the systematic
literature review. The results highlight the dominance of supervised learning across all
domains and the concentration of deep learning in data- and image-intensive domains
such as healthcare, computer vision, and environmental sustainability, while reinforcement
learning remains underutilized across most application areas.
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Figure 18. Comparative frequency of ML paradigms across domains.

Figures 19–21 collectively confirm that algorithm selection is strongly domain-
dependent. CNN usage peaks in Computer Vision and remains moderate in Environmental
and Manufacturing domains; ANN/DNN models show consistent cross-domain applica-
bility; SVMs and logistic regression retain higher shares in Healthcare and Finance where
interpretability is prioritized; RNN adoption is uniformly low; and RL has the lowest
overall representation, with meaningful presence only in Robotics and Finance.

Figure 19. Percentage breakdown of ML paradigms within each application domain.
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Figure 20. ML algorithm frequency distribution per domain.

Figure 21. Radar chart of relative algorithm emphasis across domains.

3. Discussion
3.1. Principal Findings

This systematic literature review provides a comprehensive cross-domain synthesis of
machine learning (ML) applications across seven major domains, including Industry 4.0
and manufacturing, additive manufacturing, healthcare, finance and banking, computer
vision, robotics and autonomous systems, and environmental sustainability. The findings
demonstrate that while ML adoption has expanded substantially across all domains, the
depth of implementation, methodological maturity, and deployment readiness vary consid-
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erably depending on application requirements, data availability, interpretability needs, and
operational constraints.

Supervised learning and deep learning dominate across all domains due to labeled
data availability and proven performance. SVMs, random forests, logistic regression, and
ANN/DNN architectures provide strong results with manageable implementation com-
plexity. CNNs lead in image-intensive domains, computer vision, healthcare imaging,
environmental remote sensing, and autonomous perception, significantly outperforming
traditional approaches on recognition and detection tasks [2,5,23]. RNNs remain underuti-
lized relative to their suitability for temporal data across multiple domains. Reinforcement
learning, despite strong theoretical potential for adaptive control and sequential decision-
making, is substantially underutilized in practice, concentrated in robotics, autonomous
systems, and finance, constrained by computational cost, training instability, simulation
dependency, and safety requirements [9]. Environmental and sustainability applications
show the strongest overall ML adoption. Healthcare and finance prioritize interpretability
and regulatory compliance, often favoring explainable models despite the performance
advantages of deep learning [5,7,8,21]. However, stating that supervised learning “dom-
inates due to labeled data availability” without unpacking the implications obscures a
deeper structural tension: the reviewed literature reveals that labeled data availability
is itself a product of domain-specific historical investments in annotation infrastructure,
not a natural property of the domain. In manufacturing, labeled sensor data is abundant
precisely because predictive maintenance programs have systematically generated failure
event logs over decades [2,11]; in additive manufacturing, the inverse holds, labeled defect
data is scarce because the field lacks standardized benchmark datasets and industrial
actors treat process data as proprietary [13,14]. This distinction has direct methodologi-
cal consequences: methods well-suited to data-rich manufacturing environments cannot
be straightforwardly transferred to additive manufacturing contexts without addressing
the data generation pipeline itself. Similarly, the observation that healthcare and finance
“prioritize interpretability” requires deeper unpacking. In healthcare, interpretability re-
quirements are not merely a preference but are embedded in regulatory frameworks such as
the EU’s Medical Device Regulation (MDR) and the FDA’s guidance on AI/ML-based Soft-
ware as a Medical Device (SaMD), which impose explicit documentation and transparency
obligations that constrain which model classes are deployable regardless of predictive
accuracy [7,8]. In finance, interpretability mandates arise from fair lending legislation
requiring institutions to provide adverse action notices to applicants, which necessitates
models with auditable feature attribution, a requirement that deep neural networks cannot
satisfy without post-hoc explanation methods whose reliability remains contested [21].
The cross-domain pattern of RL underutilization is similarly more complex than it ap-
pears: while computational cost is a real barrier, the more fundamental obstacle is the
absence of validated simulation environments that faithfully model domain dynamics at
sufficient fidelity for learned policies to transfer reliably. In robotics, this sim-to-real gap
has received substantial research attention [9]; in healthcare and environmental applica-
tions, the development of such environments remains an open and largely unaddressed
research problem.

3.2. Cross-Domain Methodological Patterns

Several important methodological patterns emerge across the reviewed literature.
First, the majority of studies rely heavily on supervised learning approaches, reflecting
the dependence of current ML systems on labeled datasets. While supervised methods
provide reliable predictive performance, this reliance may constrain scalability and limit
the discovery of hidden structures in unlabeled or data-scarce environments.
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The pervasiveness of supervised learning across domains is not simply a reflection
of its technical strengths but also an artifact of publication incentives and benchmark cul-
ture: studies reporting high accuracy on standard labeled benchmarks are more readily
accepted, which systematically biases the literature toward supervised approaches and
creates a self-reinforcing cycle that underrepresents the true potential of semi-supervised,
self-supervised, and unsupervised methods [23,25,26]. This publication bias has mea-
surable consequences: domains such as additive manufacturing, where labeled data is
genuinely scarce, exhibit a mismatch between the dominant methodological paradigm
(supervised learning) and the actual data conditions encountered in practice (small, un-
labeled, or weakly annotated datasets) [13,14]. Addressing this disconnect requires not
only methodological innovation but also deliberate changes in how systematic reviews and
empirical studies are conducted, specifically by expanding eligibility criteria and reporting
standards to include non-standard paradigms, and by emphasizing deployment realism
over benchmark performance.

Second, deep learning adoption is highly domain-dependent. Domains char-
acterized by image, video, or spatial data strongly favor CNN-based architectures,
whereas structured-data domains such as finance and healthcare continue to utilize in-
terpretable methods such as logistic regression, decision trees, and SVMs alongside deep
learning approaches.

The domain-dependence of deep learning adoption reflects a deeper architectural
alignment principle that the reviewed literature rarely makes explicit: CNNs exploit the
translational invariance and spatial locality of image data through hierarchical convolution,
which is precisely why they outperform dense architectures on vision tasks but provide no
analogous inductive bias advantage on tabular or time-series data [23]. This architectural
specificity has significant practical implications. The widespread adoption of CNNs in
environmental remote sensing is well-founded, as satellite imagery exhibits exactly the
spatial properties for which convolutional operators are designed [25,26]. However, their
extension to non-image environmental data, such as meteorological station measurements
or discrete air quality indices, is methodologically questionable, yet such extensions appear
in the reviewed literature without sufficient justification. A more rigorous cross-domain
framework would require researchers to articulate the inductive bias alignment between
their chosen architecture and the structure of their data, rather than defaulting to deep learn-
ing as a performance-maximizing heuristic. The emergence of Vision Transformers (ViT) in
computer vision [25,26] adds further analytical complexity: unlike CNNs, ViT models do
not impose spatial locality constraints and instead learn long-range dependencies through
self-attention, suggesting they may be better suited to domains with globally structured
patterns, an implication that has not yet been systematically explored in healthcare imaging
or geospatial analysis.

Third, explainability and interpretability considerations remain inconsistently ad-
dressed across domains. Although several studies incorporated explainable AI techniques
such as SHAP and LIME, many high-performing deep learning systems continue to operate
as black-box models with limited transparency. This issue is especially critical in high-
stakes applications such as healthcare diagnosis, financial risk assessment, and autonomous
systems, where accountability and trust are essential [44,45].

The inconsistency in XAI adoption identified across this review reflects not only a
technical deficit but a conceptual one: the reviewed literature frequently conflates post-
hoc explainability, techniques such as SHAP and LIME that generate approximate local
explanations after prediction, with true model interpretability, which refers to the capacity
of a model’s internal structure to be directly understood by a domain expert [7,8]. This
distinction is critical because post-hoc methods are approximations whose fidelity to the
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underlying model’s decision logic cannot be guaranteed, a limitation that is especially
consequential in safety-critical domains. For instance, a SHAP explanation of a neural net-
work’s diagnostic prediction may accurately indicate which input features most influenced
the output while nonetheless misrepresenting the actual computational pathway, creating
a false sense of transparency that could mislead clinicians or regulators [7,8].

Furthermore, the reviewed literature shows that XAI adoption is primarily concen-
trated in domains where external pressures, regulatory mandates, clinical governance
requirements, or litigation exposure, create explicit incentives for transparency, rather
than reflecting a principled methodological commitment to interpretability. In computer
vision and robotics, where such pressures are weaker, XAI adoption is lowest despite the
high-stakes nature of autonomous decision-making in these domains. This pattern suggests
that interpretability in ML applications is currently driven by compliance rather than by a
mature understanding of its epistemic and ethical value, a gap that future research agendas
must address directly.

Another important methodological observation is the relatively stable presence of
ANN/DNN architectures across all domains, highlighting their versatility as general-
purpose learning models. In contrast, RNN-based methods remain comparatively under-
represented, suggesting that temporal and sequential modeling continues to represent an
underexplored research opportunity in several domains.

The underrepresentation of RNNs and LSTMs across the reviewed domains is par-
ticularly striking given the prevalence of temporal data in nearly all application areas,
equipment sensor streams in manufacturing, electronic health records with longitudinal
follow-up in healthcare, financial time series, climate monitoring records, and sequential
robot trajectories in autonomous systems. The explanation for this gap is [46].

First, training RNNs on long sequences is computationally demanding and prone
to vanishing gradient pathologies, whereas CNNs applied to temporal data through 1D
convolutions provide a simpler and often comparably effective alternative [31].

Second, the literature reveals a pattern of methodological inertia: domains that de-
veloped their ML pipelines primarily around tabular or image data in the early 2010s
have not systematically revisited those architectures as better-suited sequential models
became available.

Third, the rapid rise of transformer-based architectures, originally developed for
natural language processing but increasingly applied to time-series data through models
such as the Temporal Fusion Transformer, is only beginning to appear in the reviewed
literature, suggesting that the field is on the cusp of a paradigm shift in sequential modeling
that this synthesis identifies as a high-priority future research direction [25,26].

The implications are domain-specific: in healthcare, the underuse of sequence models
for longitudinal EHR data represents a missed opportunity for more accurate prognosis
and treatment response prediction [7,8]; in environmental sustainability, LSTM-based
spatiotemporal forecasting has demonstrated superior performance on climate variable
prediction tasks yet remains a minority approach in the reviewed literature [36].

3.3. Limitations of Included Studies

Several methodological weaknesses and limitations were consistently identified across
the reviewed literature.

Five recurring limitations were identified across the reviewed literature. (1) Absence of
standardized evaluation metrics, most studies omitting F1-score, ROC-AUC, or benchmark-
ing results, substantially limits cross-study comparability and reproducibility. (2) Reliance
on small, imbalanced, or narrowly scoped datasets, particularly in healthcare, robotics,
and environmental studies, reduces generalizability and is compounded by the lack of
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external validation. (3) Strong dependence on supervised learning restricts exploration
of unsupervised, self-supervised, and reinforcement learning methods better suited to
dynamic or data-scarce environments. (4) Many studies prioritize predictive performance
over explainability, transparency, and uncertainty quantification, critical in healthcare,
finance, and autonomous systems where regulatory compliance and stakeholder trust are
essential [5,7,8]. (5) ML research remains geographically concentrated in North America,
Europe, and parts of Asia, leaving developing economies underrepresented and limiting
global applicability.

These limitations are not independent; they form an interconnected cluster of method-
ological deficiencies with compounding effects on the validity and applicability of the re-
viewed findings. The absence of standardized evaluation metrics (limitation 1) is most dam-
aging in conjunction with small, imbalanced datasets (limitation 2): when a study reports
only accuracy on a dataset with 90% negative class prevalence, the apparent high perfor-
mance may reflect the trivial classifier strategy of predicting the majority class, not genuine
model learning, a well-documented pathology in medical ML research [5,21,27,47–49].

Without F1-score or ROC-AUC reporting, this cannot be detected by the reader, and
such studies enter the corpus of reviewed evidence with inflated apparent performance.
This interaction effect explains why the literature on healthcare ML in particular presents
a more optimistic picture of model capability than clinical deployment outcomes would
support. The geographic concentration of ML research (limitation 5) warrants more pointed
analysis than is typically offered. The dominance of studies from North America, Europe,
and East Asia reflects not only infrastructure advantages but also the dominance of these
regions’ institutions in high-impact journals and benchmark dataset creation, a feedback
loop that systematically marginalizes findings from data-scarce regions where the need for
deployable ML solutions may be most acute. In environmental sustainability, for example,
the reviewed literature disproportionately addresses land-use and climate monitoring
in temperate, data-rich geographies, while leaving semi-arid, tropical, and small-island
developing state (SIDS) environments, which face the most severe climate change impacts,
underrepresented [36]. Addressing this imbalance requires not only expanding research
geographies but also developing ML frameworks robust to data scarcity and environmental
conditions not well-represented in existing training corpora.

3.4. Implications for Practice and Future Research

The findings of this review highlight several important implications for both re-
searchers and practitioners.

Future research should systematically integrate XAI techniques, SHAP, LIME, fea-
ture attribution, and intrinsically interpretable models, into ML workflows for health-
care, finance, and autonomous systems where accountability is non-negotiable. Safe
reinforcement learning, offline RL, and uncertainty-aware learning represent critical de-
velopment directions to bridge the gap between RL’s theoretical potential and practical
deployment. Interdisciplinary integration of ML with IoT, digital twins, edge comput-
ing, and physics-informed modeling can improve scalability and deployment reliability
across domains [5,6,42]. Standardized reporting of datasets, preprocessing, hyperparameter
settings, and evaluation metrics must become normative to enable reproducibility. Ex-
panding ML research into underrepresented regions is essential for equitable technological
development [5,6].

Table 3 provides a structured cross-domain overview of the key technical and opera-
tional challenges currently limiting ML deployment in each application domain, together
with prioritized future research directions aimed at addressing those barriers and advancing
toward more robust, explainable, and deployable ML systems.
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Table 3. ML Research Challenges and Future Directions across Application Domains.

Domain Key Challenges Future Directions

Industry 4.0 & Manufacturing Data heterogeneity, limited labels,
model transferability

Physics-informed ML, federated
learning, digital twin integration

Additive Manufacturing Sparse data, process variability,
real-time control

Reinforcement learning, hybrid
ML-physics models

Healthcare Interpretability, data privacy,
regulatory constraints

Explainable AI, uncertainty-aware
models, privacy-preserving ML

Finance Bias, transparency, evolving fraud
patterns

Fair and interpretable ML, continual
learning

Computer Vision Annotation cost, domain shift Self-supervised learning, foundation
models

Autonomous & Robotics Safety, sample inefficiency, real-world
deployment

Safe RL, sim-to-real transfer, lifelong
learning

Environmental & Sustainability Data sparsity, climate uncertainty Transfer learning, probabilistic ML,
multi-source data fusion

4. Conclusions
This systematic literature review synthesized ML applications across seven high-

impact domains following PRISMA 2020 guidelines. Supervised learning and deep learning
dominate due to labeled data availability and proven performance; CNNs lead image-
intensive domains while ensemble methods prevail in structured-data settings. Reinforce-
ment learning remains substantially underutilized despite strong potential for adaptive
control and sequential decision-making, constrained by computational cost, safety concerns,
and simulation dependency. Explainability and trustworthiness are growing priorities,
particularly in healthcare and finance, yet XAI integration in deployed systems remains
inconsistent. Recurring methodological gaps include insufficient performance report-
ing, limited external validation, and dataset scope constraints. This review contributes a
structured cross-domain taxonomy and domain-specific research agenda, underscoring
that future progress requires not only predictive accuracy improvements but transparent,
equitable, and deployable ML systems capable of reliable real-world impact.

Three overarching conclusions emerge from this synthesis that extend beyond the enu-
meration of domain-specific findings. First, the cross-domain evidence reveals a systematic
decoupling between methodological maturity and deployment maturity: domains such
as computer vision exhibit high methodological sophistication, with transformer-based
architectures, self-supervised pretraining, and benchmark-driven evaluation protocols,
yet face significant deployment barriers due to computational resource requirements and
the difficulty of generalizing models trained on curated benchmarks to noisy real-world
distributions [23,25,26].

Conversely, manufacturing and environmental domains show comparatively lower
methodological diversity but higher deployment prevalence, reflecting the pragmatic
preference of industry practitioners for interpretable, reliable models over high-performing
experimental ones [2,11].

This decoupling suggests that methodological progress in ML research and opera-
tional progress in ML deployment are not well-coupled, and that bridging this gap requires
deliberate investment in deployment-oriented research, including studies of model degra-
dation over time, retraining protocols, and integration with domain-specific operational
systems, which the current literature addresses only superficially. Second, the review
identifies a coherent and underappreciated pattern in the relationship between domain
risk profiles and XAI adoption: high-stakes domains with explicit regulatory accountability
frameworks (healthcare, finance) show higher XAI adoption, but this adoption is driven

https://doi.org/10.3390/app16136574

https://doi.org/10.3390/app16136574


Appl. Sci. 2026, 16, 6574 27 of 29

by compliance pressure rather than by a principled understanding of what constitutes
adequate explainability for a given decision context [5,7,8,50].

This compliance-driven adoption produces a troubling dynamic in which XAI tech-
niques are applied as documentation artifacts rather than as tools for genuine under-
standing, a distinction that regulators and practitioners must actively engage with as AI
governance frameworks mature. Third, the reinforcement learning gap identified across
six of seven domains is not simply a research opportunity; it represents a fundamental
bottleneck in the development of autonomous, adaptive ML systems capable of operating
in dynamic real-world environments. Resolving this bottleneck requires coordinated ad-
vances across three dimensions: simulation environment development, safe exploration
algorithms, and domain-specific reward formalization, none of which can be addressed
through purely algorithmic research alone [9].

A comprehensive list of additional papers in each domain, with Authors, Publication
Year, ML Method & Algorithms used, and Real Implication of Method & Algorithms in
each Domain are provided as Supplementary Materials of this work. Future systematic
reviews should track progress across these dimensions explicitly to assess whether the
field is converging on practical RL deployment or whether the gap is widening as other
paradigms continue to advance more rapidly.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/app16136574/s1.
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