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| ABSTRACT 

Artificial intelligence is applied across a wide and growing range of domain healthcare, agriculture, industry, business analytics, 

cybersecurity, smart infrastructure, assistive technologies, education, and sustainability, yet cross-domain synthesis of AI 

evidence has lagged behind domain-specific development. A systematic cross-domain review must classify studies not only by 

application area, but also by data modality, model architecture, decision-support function, deployment pathway, and 

deployment-readiness concern, to reveal the structural patterns and gaps that single-domain reviews cannot expose. This review 

presents systematic-style evidence mapping analysis of corpus using a seven-axis taxonomy: application domain, data modality, 

model family, decision-support function, deployment pathway, deployment-readiness concern, and evidence role. Seven 

application domains are synthesized, healthcare and biomedical AI, human-centered and assistive AI, agriculture and 

sustainability, industrial monitoring, smart infrastructure and IoT, business and enterprise analytics, and cybersecurity and 

distributed intelligence, across ten model families from conventional ML through vision transformers, graph neural networks, 

Bayesian physics-guided models, generative AI, and federated learning systems. Synthesis reveals that model architecture 

diversity has advanced substantially, while deployment-critical properties, validated explainability, privacy-preserving inference, 

robustness, human oversight, and governance-aligned reporting, remain inconsistently addressed. A ten-direction research 

agenda identifies the most consequential future priorities for cross-domain deployable AI. Note that full PRISMA reporting 

would require explicit database-search records, screening procedures, and eligibility criteria beyond what this curated corpus 

provides. 
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1. Introduction 

Artificial intelligence has transitioned from a specialized research tool into an operational presence across virtually every domain 

of human activity. In healthcare, AI classifies medical images, supports clinical decisions, and monitors patient data. In 

agriculture, AI detects crop diseases and optimizes resource use. In industry, AI monitors infrastructure, detects faults, and 

supports manufacturing design. In business, AI forecasts demand, manages risk, and supports strategic decisions. In 

cybersecurity, AI detects threats and protects data. In smart infrastructure, AI manages energy, communications, and IoT 

networks. In assistive and human-centered applications, AI supports communication, emotion recognition, and personalized 

learning. The breadth of this deployment creates both an opportunity and a methodological challenge: the architectures, data 

modalities, deployment pathways, and trustworthiness requirements differ substantially across domains, and domain-specific 

reviews cannot capture the cross-domain structural patterns that reveal universal gaps in AI deployment readiness. This review 

addresses the cross-domain synthesis gap through systematic-style evidence mapping: classifying along seven axes covering 
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application domain, data modality, model family, decision-support function, deployment pathway, deployment-readiness 

concern, and evidence role. The central argument is that deployment readiness requires more than predictive accuracy, demands 

validated explainability, privacy-preserving deployment, robustness under distribution shift, computational efficiency for 

resource-constrained environments, human oversight mechanisms, and governance-aligned reporting. These requirements are 

visible across all seven domains examined but are inconsistently addressed within each. The corpus spans conventional ML 

baselines [40, 45, 79], CNNs and transfer learning [34, 60, 74], vision transformers [15, 22, 48, 57, 62], hybrid and ensemble 

systems [3, 6, 16, 51], graph neural networks [37, 39, 42], Bayesian physics-guided models [19], generative and agentic AI [59, 78], 

and federated privacy-preserving systems [12, 13, 55]. Together, these papers provide cross-domain evidence for the current 

state of AI architecture, modality diversity, and deployment readiness. 

 

2. Review scope and systematic evidence-mapping framework 

Full systematic-review reporting would require explicit database search strings, screening records, eligibility criteria, and quality 

appraisal instruments beyond what this curated corpus provides. The corpus was assembled to ensure balanced coverage across 

seven application domains, ten model families, eleven data modalities, and multiple deployment pathways, enabling structured 

cross-domain evidence synthesis. A seven-axis taxonomy organizes the evidence. Axis 1 classifies by application domain: 

healthcare and biomedical AI, human-centered and assistive AI, agriculture and sustainability, industrial monitoring and cyber-

physical systems, smart infrastructure and IoT, business and enterprise analytics, and cybersecurity and distributed intelligence. 

Axis 2 classifies data modality across eleven categories from medical images to multimodal data. Axis 3 identifies the model 

family across ten categories from conventional ML to federated systems. Axis 4 records the decision-support function served. 

Axis 5 classifies the deployment pathway. Axis 6 identifies the dominant deployment-readiness concern. Axis 7 assigns each 

paper to an evidence role: model evidence, data-modality evidence, domain evidence, deployment-readiness evidence, 

trustworthiness evidence, infrastructure or system-design evidence, or comparative or baseline evidence. Figure 1 illustrates the 

organizing logic of the review by linking seven application domains to the dominant data modalities, representative AI model 

families, and deployment-readiness concerns that shape real-world adoption. 

 
Fig. 1: Cross-domain AI evidence landscape across application domains, data modalities, model families, and deployment-

readiness pressures. 

3. Model families in cross-domain ai applications 

3.1. Conventional Machine Learning and Structured Analytics 

Conventional machine learning, including logistic regression, random forests, gradient-boosted trees, and LSTM networks 

applied to structured data, remains the most widely deployed model family for tabular and text-based decision support. Clinical 

decision support for heart disease prediction from structured patient data [40] and personalized ML for Parkinson's screening via 

voice biomarkers [75] represent structured ML in clinical contexts. Retail demand forecasting using LSTM and gradient boosting 

[1], market trend forecasting with external factor integration [32], e-commerce pricing optimization [58], small-business 

management ML [45], and credit scoring for financially underserved businesses [79] constitute the operational business analytics 

cluster. The interpretability advantage of conventional ML, directly auditable feature importance, computationally efficient 
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retraining, and well-characterized failure modes, directly supports deployment readiness, making it the appropriate baseline for 

domains where tabular data, auditability, and regulatory compliance are the primary requirements. 

3.2. CNN-Based Deep Learning and Transfer Learning 

CNN-based architectures and transfer learning address the representation-learning demands of image, signal, and sequential 

data at domain-specific scales. Early leukemia diagnostics using image processing and transfer learning [34] and transfer learning 

for sleep stage classification under data-constrained conditions [74] illustrate the data-efficiency advantage of pre-trained CNN 

features in medical contexts. Lightweight ResNeXt for aquaculture disease [60] and the lightweight DL approach for concrete 

crack characterization via acoustic-emission signals [8] demonstrate the deployment pathway from representative capacity to 

edge feasibility. The multichannel CNN for imbalanced CT lung cancer data [63] illustrates the class-imbalance challenge that is 

directly relevant to medical screening deployment readiness. 

3.3. Transformers and Attention-Based Models 

Transformers architecture represents the dominant model family in image-based healthcare and agricultural AI. The Swin 

Transformer with XAI and web deployment for cervical cell classification [62] combines transformer-based accuracy with 

integrated explainability and accessible deployment. The LMVT hybrid vision transformer for lung cancer with XAI [48], the 

hierarchical Swin Transformer ensemble for breast cancer with decentralized deployment [15], and the global-local attention 

model for kidney disease classification from CT images [26] illustrate the architecture's versatility across oncological contexts. 

The explainable transformer for skin lesion classification [5] and FuseAttenX attention-enhanced deep learning for business 

strategy optimization [72] extend transformer attention to dermatological and enterprise domains. In precision agriculture, 

MaizeFormerX lightweight cross-scale ViT with XAI [57], the MaxViT soybean disease model [7], the ViX-MangoEFormer 

ensemble with XAI [22], and the explainable transformer for cotton leaf diagnostics [76] constitute the agricultural transformer 

cluster where explainability and lightweight deployment are jointly optimized. The critical caution for all transformer evidence is 

that attention maps, while visually communicable, are not equivalent to formally validated explanations and must be evaluated 

beyond visual plausibility for deployment in regulated domains. 

3.4. Hybrid, Ensemble, Stacking, and Multimodal Systems 

Hybrid and ensemble architectures improve generalization and support richer explanation strategies. The explainable deep 

stacking ensemble for brain tumor diagnosis [16] and the stacking ensemble for cervical cancer with XAI [24] demonstrate post-

hoc explainability combined with ensemble diversity in oncological imaging. The stacking ensemble-based breast cancer 

classifier with real-time web deployment [3] illustrates the deployment pathway for web-accessible clinical screening. The 

ensemble transformer with post-hoc XAI for depression emotion and severity detection [10] extends ensemble explainability to 

affective computing. The explainable AI hybrid deep learning framework for skin cancer [6] integrates CNN feature learning with 

post-hoc explanation. Vision-audio multimodal object recognition via hybrid tensor fusion [51] contributes multimodal fusion 

evidence for industrial perception. 

3.5. Graph Neural Networks and Knowledge-Graph Reasoning 

Graph-structured architecture provides relational, entity-linked reasoning that is directly auditable. The GNN-enhanced gas-

pipeline monitoring system [42] models fault propagation across sensor network topology. Knowledge-graph and NLP 

integration for heuristic reasoning [39] and the AddManBERT knowledge-graph for additive manufacturing design support [37] 

demonstrate BERT-based language models coupled with knowledge graphs for engineering decision accountability. The 

traceability of knowledge-graph reasoning, entity-linked chains that domain experts can validate—provides a qualitatively 

different form of deployment-relevant explainability than attention maps or post-hoc saliency. 

3.6. Bayesian, Physics-Guided, and Uncertainty-Aware Systems 

The physics-guided Bayesian neural network for sensor fault detection in wind turbines [19] represents the most principled 

uncertainty-aware architecture in the corpus: physical priors constrain the hypothesis space, and Bayesian inference produces 

calibrated uncertainty estimates that directly support human oversight by signaling when predictions are insufficiently confident 

for autonomous action. This architecture family is underrepresented in the corpus relative to its deployment-readiness 

importance, particularly in safety-critical industrial and clinical contexts where uncalibrated predictions are a deployment liability. 

3.7. Generative, Agentic, and Enterprise AI 

Generative AI in enterprise information systems for transforming business intelligence [78] and automated risk assessment and 

collaborative AI in agile project management [59] represent the generative and agentic AI cluster. These architectures introduce 

accountability challenges specific to their architecture families: generative models may produce fluent but factually unreliable 

outputs, and agentic systems that initiate decision workflows require governance frameworks that specify accountability across 

workflow steps. AI-enabled MIS for economic resilience and governance [36] and AI-driven business analytics for IT strategy [33] 

address the organizational deployment context where these systems must operate under audit requirements. 
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3.8. Edge-Cloud, Federated, Privacy-Preserving, and Distributed AI 

The distributed intelligence edge-cloud-6G federated learning framework for secure and auditable decision support [12] 

provides the most architecturally complete privacy-preserving deployment architecture in the corpus. Privacy-preserving 

behavior analytics for workforce retention [55] demonstrates operational differential privacy in organizational settings. The 

multimodal privacy-preserving cancer diagnosis framework [13] illustrates the convergence of privacy, scalability, and 

multimodal integration in healthcare deployment. The trustworthy AI framework [23] and the resilience-by-design framework 

[31] provide the governance and accountability foundations that must underpin all distributed and privacy-preserving 

deployments. Table 1 presents the input modalities, strengths, deployment advantages, limitations, and validation requirements 

associated with major AI architecture families discussed in the review.  

Table 1. Model-family suitability for cross-domain deployment contexts. 

Model family Main use Deployment value Key concern Validation need 

Conventional ML 
Tabular, clinical, business, 

financial data 

Efficient, interpretable, 

auditable 
Feature quality, drift 

Calibration, fairness, 

temporal testing 

CNN / transfer learning 
Images, signals, 

physiological data 

Strong feature extraction; 

lightweight options 
Domain shift, imbalance 

External and 

robustness testing 

Transformers / 

attention models 

Medical and agricultural 

images, multimodal tokens 

Captures global and 

multiscale patterns 

Compute demand; weak 

explanation fidelity 

XAI fidelity, calibration, 

external testing 

Hybrid / ensemble / 

multimodal systems 

Fused image, text, signal, 

or feature data 

Better stability and 

complementary evidence 

Complexity, error 

attribution 

Ablation, calibration, 

explanation stability 

GNN / knowledge-

graph models 

Networks, relations, 

industrial and knowledge 

data 

Traceable relational 

reasoning 

Incomplete or noisy 

graphs 

Graph perturbation, 

expert validation 

Bayesian / physics-

guided models 

Sensors, cyber-physical 

systems 

Uncertainty-aware 

decisions 

Prior design, 

implementation 

complexity 

Calibration, OOD and 

drift testing 

Generative / agentic AI 
Enterprise and workflow 

automation 

Synthesis and decision 

support 

Hallucination, 

accountability 

Factuality, auditability, 

governance review 

Federated / privacy-

preserving AI 

Multi-site healthcare, IoT, 

distributed systems 

Privacy-preserving 

collaboration 

Non-IID data, 

communication cost 

Site-wise validation, 

privacy accounting 

 

4. Data modalities across AI application domains 

4.1. Image-Based AI 

Medical image modalities span CT imaging for lung cancer classification [63] and kidney disease [26], MRI for prostate cancer 

[61], histopathological imaging for breast cancer [3, 15], dermoscopy and clinical images for skin lesion [5, 6], cytological images 

for cancer classification [4], and cervical cell images [24, 62]. Agricultural image modalities span leaf images for soybean [7], 

mango [22], cotton [76], maize [57], tea [67], and aquaculture [60]. Infrastructure imagery includes acoustic-emission imaging for 

pipeline diagnosis [2] and crack characterization [8]. Each modality carries distinct preprocessing, quality assurance, and 

deployment-feasibility requirements that affect cross-domain generalizability. 

4.2. Sensor and IoT Data 

IoT sensor streams are deployed in smart energy metering [68], solar micro-grid battery monitoring [69], and smart healthcare 

medical boxes for elderly patients [77]. Industrial sensors contribute to wind-turbine fault detection through physics-guided 

Bayesian inference [19] and to pipeline monitoring through acoustic-emission GNN analysis [42]. The multivariate acoustic-

emission imaging system for pipeline diagnosis [2] illustrates how sensor streams can be processed as imaging data to leverage 

CNN and deep learning representations. 
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4.2. Text, Language, and Social Data 

Text modalities span Bengali social media sentiment classification [9], suicidal ideation detection using NLP [47], and drug review 

sentiment extraction [54]. Knowledge-graph NLP for heuristic reasoning [39] and AddManBERT for additive manufacturing [37] 

demonstrate structured knowledge extraction from text. The ensemble transformer with post-hoc XAI for depression detection 

[10] and the adaptive feedback system for learner improvement [29] extend text-based AI to mental health and educational 

contexts. 

4.4. Graph and Knowledge-Structured Data 

Graph and knowledge-structured data provide relational representations unavailable in flat feature vectors. The GNN-enhanced 

pipeline monitoring system [42] models spatial sensor dependencies. Knowledge-graph NLP for heuristic reasoning [39] and 

AddManBERT for additive manufacturing design [37] demonstrate entity-linked reasoning. The trustworthy AI framework [23] 

and resilience-by-design framework [31] provide cross-domain knowledge-structured governance evidence. 

4.5. Physiological, Affective, and Assistive Data 

Physiological modalities include EEG neural synchrony analysis using ML [56], voice biomarkers for Parkinson's screening [75], 

sleep stage physiological signals processed through transfer learning [74], and tDCS neuromodulation modeling [50]. Facial and 

affective signal modalities span facial emotion recognition via bidirectional Elman NN [28], hybrid deep belief optimization [70], 

hybrid multimodal InceptionV3DenseNet [66], ASD classification via dual-branch ViT [65, 73], and the ASD facial expression 

database [44]. Assistive modalities include the flex sensor hand-glove for deaf and mute individuals [17] and iris detection for 

biometric access [46]. 

4.6. Business and Enterprise Data 

Business and tabular data modalities span credit scoring [79], retail demand forecasting [1], market trend forecasting [32], e-

commerce pricing [58], small-business ML [45], market basket analysis for healthcare bundling [71], blockchain supply chain 

analytics [43], and customer satisfaction analytics [18]. Enterprise analytics modalities include AI-driven business analytics for IT 

strategy [33], AI-enabled MIS for governance [36], digital transformation analytics [53], generative AI in enterprise BI [78], and 

agile project management AI [59]. 

4.7. Multimodal and Multi-Source Evidence 

Multimodal AI addresses the representational gap that single-modality systems cannot close. Vision-audio multimodal object 

recognition via hybrid tensor fusion [51] demonstrates cross-modality integration for industrial perception. The multimodal 

privacy-preserving cancer diagnosis framework [13] integrates multiple clinical data sources under privacy constraints. The 

hybrid multimodal emotion recognition framework using InceptionV3DenseNet [66] and the multimodal EEG neural synchrony 

analysis [56] illustrate cross-modal fusion in human-centered and neuro-affective contexts. The distributed edge-cloud-6G 

federated learning framework [12] provides the infrastructure for multi-source privacy-preserving integration at scale. Figure 2 

shows how modality-specific data properties shape deployment risk. 

5. Domain-specific Cross-Domain Synthesis 

5.1. Healthcare and Biomedical AI 

Healthcare provides the densest and most architecturally diverse AI evidence cluster in the corpus. Cancer classification systems 

span skin cancer [5, 6], lung cancer [48, 63], breast cancer [3, 15], cervical cancer [24, 62], brain tumor [16], leukemia [34], 

prostate cancer [61], and cytological cancer [4]. The multimodal privacy-preserving cancer diagnosis framework [13] addresses 

the intersection of privacy and multimodal integration in clinical AI. Heart disease prediction from structured data [40] and 

Parkinson's screening via personalized voice biomarkers [75] represent structured and physiological modality evidence. Transfer 

learning for sleep stage classification [74] illustrates data-scarce clinical AI. AI-integrated healthcare information systems for 

diabetes management [14], market basket analysis for healthcare service bundling [71], and depression emotion and severity 

detection [10] extend healthcare AI into health informatics and mental health. Web-based deployment of cervical cell screening 

[62] and real-time web deployment of breast cancer classification [3] demonstrate the deployment pathway most accessible to 

clinical systems without specialized infrastructure investment. Neural network–based models have shown strong potential for 

improving breast cancer diagnosis through dimensionality reduction and optimized architectural design using morphological 

features [80], [81], while machine learning approaches have also supported more accurate stroke prediction and risk stratification 

in healthcare settings [82]. Beyond individual diagnostic tasks, federated learning offers a privacy-first framework for scalable 

healthcare data processing across distributed institutions without direct data sharing [83]. In parallel, AI-driven cybersecurity 

methods are increasingly important for protecting healthcare systems and essential infrastructure from evolving digital threats, 

supporting safer and more resilient deployment of intelligent technologies in high-stakes environments [84]. 

5.2. Human-Centered, Neuro-Affective, and Assistive AI 

Human-centered AI addresses communication, cognitive, and affective support for diverse users. ASD classification via dual-

branch ViT [65, 73] and the ASD facial expression database [44] anchor the developmental assessment cluster. The AI-powered 
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digital health platform for ASD students [21] illustrates adaptive, personalized therapeutic AI. The multimodal EEG neural 

synchrony analysis [56] and the tDCS model [50] address neuro-affective clinical AI. Facial emotion recognition systems [28, 70, 

66] span multiple deep learning architectural stages. Suicidal ideation detection via NLP [47] and the ensemble transformer with 

post-hoc XAI for depression [10] represent mental health AI where calibrated uncertainty and ethical oversight are deployment 

critical. The flex sensor hand-glove for deaf and mute individuals [17], iris detection and recognition [46], the adaptive feedback 

system for learner improvement [29], and drug review sentiment extraction [54] extend the human-centered domain. 

5.3. Agriculture, Environment, and Sustainability 

Agricultural AI illustrates the evolutionary pressure toward lightweight, explainable, and field-deployable systems. MaizeFormerX 

lightweight cross-scale ViT with XAI [57], the MaxViT soybean disease model [7], ViX-MangoEFormer with XAI [22], the 

explainable transformer for cotton leaf diagnostics [76], advanced deep learning for tea leaf disease [67], and lightweight 

ResNeXt for aquaculture disease [60] constitute the precision crop disease detection cluster. AI-driven smart agriculture for crop 

yield optimization [35] addresses the systemic sustainability dimension. AI-driven solar financing for rural health businesses [25] 

connects agricultural sustainability to rural health infrastructure resilience. 

 

Figure 2: Data modality failure-mode map for cross-domain AI deployment. 
5.4. Industrial Monitoring and Cyber-Physical Systems 

Industrial monitoring AI must satisfy simultaneous real-time, safety, and accountability requirements. The GNN-enhanced gas-

pipeline monitoring system [42] and the multivariate acoustic-emission imaging system for gas-pipeline diagnosis [2] address 

pipeline safety monitoring at different levels of relational abstraction. The lightweight DL system for concrete crack 

characterization [8] demonstrates edge-deployable infrastructure monitoring. The physics-guided Bayesian neural network for 

wind-turbine sensor fault detection [19] provides uncertainty-aware inference for safety-critical renewable energy infrastructure. 

The vision-audio multimodal tensor fusion system [51] provides industrial perception evidence. The question of full autonomy in 

underwater robotics [11] engages the human oversight axis at the autonomous industrial frontier. 

5.5. Smart Infrastructure, IoT, Energy, and Communication Systems 

Smart infrastructure AI operates under hardware constraints that determine which model families are deployable. IoT-based 

solar micro-grid battery monitoring [69], smart energy metering [68], and smart healthcare medical boxes for elderly patients 

[77] represent embedded AI in energy and healthcare infrastructure. Wireless mesh network load-balancing routing [27] and 

MANET routing protocol simulation [30] address network-layer decision support. HAPs communication systems optimization [52] 

extends infrastructure AI to airborne communication platforms with dynamic channel conditions. The deployment constraint 

shared across this domain, strict processor and memory budgets, makes the edge feasibility dimension of deployment readiness 

the primary bottleneck. 
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5.6. Business, Enterprise, and Organizational Analytics 

Business AI spans the widest governance diversity in the corpus. Credit scoring for financially underserved businesses [79] 

introduces fairness-critical accountability. Predictive project risk analytics [38] and automated risk assessment AI in agile project 

management [59] illustrate governance-structured organizational AI. Market basket analysis for healthcare bundling [71] and 

customer satisfaction analytics [18] represent operational forecasting. Blockchain and ML in supply chain management [43] 

introduces distributed trust infrastructure. AI-driven business analytics for IT strategy [33], AI-enabled MIS for governance [36], 

digital transformation analytics [53], and AI-ERP integration [49] address the strategic and governance layer. Generative AI in 

enterprise information systems [78] introduces accountability challenges that current governance frameworks are not yet fully 

equipped to address. E-commerce pricing ML [58], small-business management ML [45], and market trend forecasting [32] 

complete the operational analytics evidence. 

5.7. Cybersecurity, Privacy, and Distributed Intelligence 

Cybersecurity AI operates under adversarial conditions that demand continuous adaptation. The intelligent cybersecurity ML 

framework for data protection and threat intelligence [41] addresses real-time threat detection. AI as a strategic engine for data 

security and digital communication resilience [64] positions security AI at the organizational governance level. Privacy-preserving 

behavior analytics [55] demonstrates operational differential privacy in organizational settings. The distributed edge-cloud-6G 

federated learning framework [12] provides the privacy-secure deployment architecture for cross-institutional AI. The trustworthy 

AI framework [23] and resilience-by-design framework [31] provide cross-sector governance foundations. Table 2 maps AI use 

cases to likely deployment routes, human oversight roles, and domain-specific operational risks. 

Table 2. Decision-support functions and deployment pathways across domains. 

Domain Decision-support function Deployment pathway Human oversight Key risk 

Healthcare and 

biomedical AI 

Screening, diagnosis, triage, 

risk prediction 

Web-CDSS, cloud, 

hospital system, 

federated network 

Clinician review 
Poor external validation, 

privacy, miscalibration 

Human-centered and 

assistive AI 

Emotion recognition, 

accessibility, mental-health 

support, adaptive learning 

Mobile app, assistive 

device, web/digital health 

platform 

User, caregiver, 

educator, clinician 

Bias, ethical sensitivity, 

weak human-in-loop 

testing 

Agriculture and 

sustainability 

Crop disease detection, yield 

support, resource optimization 

Mobile, edge, field 

imaging, cloud advisory 

system 

Farmer or 

agronomist 

Environmental shift, 

limited field validation 

Industrial monitoring 

Fault detection, structural 

monitoring, predictive 

maintenance 

Edge monitoring, sensor 

network, cloud alert 

system 

Engineer or 

maintenance 

operator 

Sensor drift, real-time 

failure, safety risk 

Smart infrastructure 

and IoT 

Energy monitoring, battery 

tracking, routing, elderly-care 

monitoring 

IoT device, edge-cloud 

system, embedded 

platform 

Operator, 

technician, 

caregiver 

Latency, interoperability, 

hardware limits 

Business and 

enterprise analytics 

Forecasting, pricing, risk 

assessment, workflow 

automation 

ERP/MIS, BI dashboard, 

analytics platform 

Manager, analyst, 

auditor 

Fairness, drift, opaque 

automation 

Cybersecurity and 

distributed 

intelligence 

Threat detection, secure 

analytics, privacy-preserving 

decision support 

Security platform, 

federated edge-cloud, 

privacy pipeline 

Security analyst or 

compliance officer 

Adversarial shift, privacy 

leakage, governance gaps 

6. Deployment readiness across domains 

6.1. Data Quality, Interoperability, and Modality Mismatch 

Data quality failures affect deployment readiness across all domains. The multichannel CT lung cancer analysis for imbalanced 

data [63] directly addresses class imbalance, a medical screening deployment liability. Cross-scanner heterogeneity in multi-

institutional medical imaging [15, 61] and environmental variability in agricultural image datasets [7, 57] represent distribution-
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shift vulnerabilities. Business datasets [1, 32] are subject to volatility-driven distributional change. IoT sensor streams [68, 69] may 

have variable quality, sampling rates, and missing-data profiles. Interoperability standards compatible with downstream model 

deployment pipelines are needed across all domains. 

6.2. Workflow Integration and Human Oversight 

Deployment readiness requires integration into existing decision workflows and human oversight structures. Clinical decision 

support systems [40, 14, 62] must align with clinical information system architectures and professional role definitions. Industrial 

monitoring AI [19, 42] must trigger appropriate human maintenance review when uncertainty is high. The question of full 

autonomy in underwater robotics [11] directly addresses the human oversight governance boundary. The trustworthy AI 

framework [23] and resilience-by-design framework [31] establish that human oversight is a structural deployment requirement, 

not an optional safeguard. 

6.3. Explainability, Auditability, and User Trust 

Explainability is the deployment-readiness concern most consistently addressed in the corpus. Post-hoc XAI methods in stacking 

ensembles [16, 24], hybrid deep learning [6], and ensemble transformers [10] provide explanation outputs for clinical and 

affective computing contexts. The Swin Transformer cervical cell screening tool [62] integrates attention-based explanation with 

web deployment. Knowledge-graph reasoning in pipeline monitoring [42] and additive manufacturing design [37] provides 

structurally auditable explanation. The comparative explainable ML analysis [4] and the trustworthy AI framework [23] together 

establish that explanation validity, not just explanation presence, is the relevant deployment-readiness standard. 

6.4. Privacy, Security, and Distributed Deployment 

Privacy and security are deployment-readiness requirements in healthcare, organizational, and cybersecurity contexts. The 

federated learning framework [12] and multimodal privacy-preserving cancer diagnosis framework [13] provide technical 

approaches to privacy-preserving multi-institutional deployment. Privacy-preserving workforce analytics [55] demonstrates 

organizational privacy deployment. The cybersecurity framework [41] and AI for digital resilience [64] address the adversarial 

security dimension. As AI systems operate in increasingly interconnected digital infrastructure, the security-accuracy tradeoff 

becomes a first-class deployment engineering problem requiring explicit characterization. 

6.5. Real-Time Feasibility, Latency, and Computational Efficiency 

Computational efficiency directly constrains which model families are deployable in IoT, agricultural, and clinical point-of-care 

contexts. Lightweight ViT MaizeFormerX [57], MaxViT [7], ViX-MangoEFormer [22], and explainable transformer for cotton leaf 

[76] demonstrate agricultural transformer efficiency. Lightweight ResNeXt [60] and lightweight DL for crack characterization [8] 

demonstrate CNN compression for edge deployment. IoT energy metering [68], solar monitoring [69], and healthcare medical 

boxes [77] impose strict hardware constraints. Web-based deployment for medical screening [3, 62] demonstrates that cloud-

hosted inference can satisfy real-time requirements, provided latency management is engineered explicitly. 

6.6. Robustness, Monitoring, and Distribution Shift 

Robustness under distribution shift is universally relevant but unevenly addressed. Medical imaging models face cross-scanner 

and cross-demographic shifts [13, 15]. Agricultural models face seasonal and geographic shifts [7, 57]. Industrial models must 

tolerate sensor degradation and novel fault patterns [19, 42]. Business forecasting models face economic regime changes [1, 32]. 

Cybersecurity models face continuously evolving adversarial patterns [41]. The physics-guided Bayesian model [19] and the 

resilience-by-design framework [31] provide the most principled robustness strategies in the corpus. 

6.7. Evidence Maturity and Reproducibility 

Evidence maturity, the degree to which AI deployment claims are supported by rigorous, reproducible, externally validated 

evidence is inconsistently addressed across the corpus. Medical imaging studies report accuracy on held-out test sets but rarely 

provide cross-institutional external validation. Agricultural studies use domain-specific datasets infrequently shared across 

groups. Business analytics studies rarely report confidence intervals or statistical significance. The trustworthy AI framework [23] 

and the resilience-by-design framework [31] provide governance-level frameworks for evidence accountability, but domain-

specific evidence maturity standards, analogous to clinical trial phases are absent for most AI application domains. 

7. Future Research Directions 

Future research should address the cross-domain AI benchmark gap by developing standardized evaluation suites that jointly 

assess accuracy, explainability, robustness, privacy, and governance, supported by multi-domain leaderboards, explanation-

validity indices, and governance-compliance scores [23, 31]. Deployment-readiness scoring is also needed through domain-

specific frameworks that evaluate computational efficiency, validation quality, and governance readiness using deployment-

readiness indices, scoring rubrics, and maturity-level classifications [23]. In addition, human-in-the-loop evaluation should assess 
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structured deferral mechanisms across autonomy levels using decision quality, override frequency, and outcome differences with 

and without AI support [11, 19]. Further priorities include formal explainability and auditability standards for transformer, 

ensemble, and GNN models, evaluated through explanation fidelity, regulatory acceptance, and user-comprehension studies [4, 

23]. Privacy-preserving and federated AI should be scaled to multi-institutional deployment with privacy-budget reporting, 

federated utility-loss analysis, and communication-efficiency evaluation under 6G settings [12, 13, 55]. Lightweight and edge-

deployable models should preserve XAI capability while optimizing inference latency, memory footprint, and explanation fidelity 

at the edge [7, 8, 57, 60]. Moreover, strengthening multimodal and graph-enhanced systems through cross-modal explanation 

and knowledge-graph fusion, evaluated by attribution fidelity, knowledge-graph coverage, and modality-dropout stability [13, 

51, 39, 42]. Robustness and uncertainty monitoring should integrate Bayesian uncertainty, physics-guided priors, and drift 

detection, using calibration error, OOD detection rate, and drift-alert latency [19, 31]. Finally, governance-aware reporting 

standards and evidence maturity frameworks should adapt CONSORT/TRIPOD-style guidance to classify AI systems from proof-

of-concept to deployment-validated stages using completeness, reproducibility, external validation, governance compliance, and 

deployment-readiness indices [23, 31]. 

8. Limitations of the review 

This review performs systematic-style evidence mapping and thematic synthesis rather than full quantitative meta-analysis. Full 

systematic-review reporting would require explicit database names, search strings, screening procedures, eligibility criteria, 

quality appraisal instruments, and full-text extraction of methods, results, and statistical evidence. These elements are not 

available from paper titles alone. The review should be interpreted as a structured cross-domain evidence map and taxonomic 

analysis rather than a comprehensive, reproducible systematic review. Full paper-level extraction would be required to support 

meta-analytic comparisons of model performance, deployment environment, computational requirement, or validation rigor. The 

curated corpus may not comprehensively represent all active AI research threads across the seven application domains; 

autonomous vehicles, legal AI, financial systemic risk, climate modeling AI, and social welfare AI are underrepresented. The 

seven-axis taxonomy is one defensible organization; alternative frameworks may yield complementary insights. 

9. Conclusion 

This systematic-style evidence mapping review has synthesized across seven application domains, healthcare and biomedical AI, 

human-centered and assistive AI, agriculture and sustainability, industrial monitoring and cyber-physical systems, smart 

infrastructure and IoT, business and enterprise analytics, and cybersecurity and distributed intelligence, using a seven-axis cross-

domain taxonomy of domain, modality, model family, decision-support function, deployment pathway, deployment-readiness 

concern, and evidence role. The synthesis reveals an AI landscape in which model architecture diversity has advanced 

substantially: vision transformers, ensemble systems, graph neural networks, and federated learning frameworks are deployed 

across medical, agricultural, industrial, and organizational domains, with explicit explainability integration increasingly treated as 

an architectural requirement. Data modality coverage is broad, spanning medical images, agricultural imagery, acoustic-emission 

signals, IoT sensor streams, text, knowledge graphs, physiological signals, and business tabular data. Decision-support functions 

range from screening and diagnosis through fault detection, forecasting, risk assessment, resource optimization, and strategic 

governance. The persistent gap revealed by this cross-domain synthesis is the uneven maturation of deployment-readiness 

properties relative to predictive performance. Validated explainability, calibrated uncertainty, privacy-preserving inference at 

scale, post-deployment robustness monitoring, and governance-aligned evidence reporting are addressed in selected works but 

not systematically across domains. Future AI development must treat deployment readiness, encompassing explainability, 

privacy, robustness, human oversight, scalability, and governance accountability, as a first-class design requirement from the 

earliest stage of model development. Cross-domain evidence maturity frameworks, deployment-readiness scoring systems, and 

governance-aware reporting standards are needed to create a shared language for responsible AI deployment across the 

healthcare, agricultural, industrial, business, and infrastructure domains that the global AI ecosystem serves. 
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