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Abstract 

This article investigates the current state and foreseeable trajectory of artificial intelligence 

(AI), focusing on its principal application domains and the governance challenges they raise. A 

qualitative secondary data methodology is adopted, synthesising peer-reviewed academic literature, 

industry reports, and publications by international organisations including the OECD and the World 

Economic Forum, with priority given to sources published between 2018 and 2024. AI creates the 

greatest value where tasks are well defined, datasets are large and accurate, and performance metrics 

are clear. Across healthcare, finance, transportation, education, manufacturing, energy, and 

agriculture, measurable improvements in efficiency, accuracy, and cost have been documented. 

Cross-cutting risks—including algorithmic bias, privacy erosion, labour displacement, and 

concentration of AI capabilities—require active governance responses. The article proposes targeted 

policy recommendations at international, national, and organisational levels.  

Keywords: artificial intelligence, machine learning, deep learning, autonomous systems, AI 

governance. 
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Introduction 

Artificial intelligence has evolved from a 

niche academic discipline into a general-

purpose technology reshaping virtually every 

sector of the global economy. Three 

convergent forces drove this transformation: 

the exponential growth of digital data, 

dramatic increases in available computational 

power, and sustained algorithmic innovation—

most notably the emergence of deep learning 

and the transformer architecture [1]. Systems 

that once required years of specialised 

engineering can now be deployed within 

months, and models that previously demanded 

millions of labelled examples generalise from 

far smaller datasets. 

The transformer architecture, introduced 

in the landmark 2017 paper "Attention Is All 

You Need", proved particularly consequential: 

by enabling parallel processing of entire 

sequences and capturing long-range contextual 

dependencies, it overcame fundamental 

limitations that had constrained earlier 

recurrent approaches. This architectural 

innovation, combined with the availability of 

large-scale web-crawled datasets and the 

commoditisation of GPU computing, catalysed 

the emergence of foundation models — 

systems pre-trained on broad data that can be 

fine-tuned for diverse downstream tasks with 

relatively modest additional resources. The 

resulting democratisation of AI capability has 

compressed the cycle from research 

breakthrough to commercial deployment to a 

degree unprecedented in the history of applied 

computing, with consequent implications for 

the pace at which governance frameworks 

must adapt. 

The economic stakes are substantial. 

Estimates by leading research organisations 

project AI could contribute several trillion 

dollars of additional global economic value 

within the next decade. Yet the distribution of 

these gains and the management of 

accompanying risks remain deeply contested. 

A physician using an AI diagnostic tool, a bank 

deploying machine learning for credit 
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decisions, and a logistics firm operating 

autonomous delivery vehicles all face 

overlapping questions about accountability, 

data governance, and public trust—questions 

that demand cross-sector, interdisciplinary 

analysis. 

The sectoral distribution of AI-driven 

economic value addition is notably uneven. 

McKinsey Global Institute projections indicate 

that financial services, professional services, 

and retail sectors stand to capture 

disproportionate shares of near-term gains, 

reflecting the concentration of digitised, 

structured data in those domains. 

Manufacturing and supply chain management 

represent a second tier of high-potential 

applications where physical-digital integration 

— through IoT sensor networks, digital twins, 

and vision-based quality control — is 

progressively extending AI's reach into 

production environments. The public sector, 

historically a laggard in technology adoption 

due to procurement constraints and risk 

aversion, is beginning to deploy AI in tax 

administration, benefits eligibility screening, 

and infrastructure maintenance prediction, 

with implications for both service efficiency 

and algorithmic governance that are actively 

debated across multiple jurisdictions. 

This article addresses four research 

questions: (1) What technical characteristics of 

contemporary AI determine its suitability for 

different domains? (2) What measurable 

impacts has AI deployment produced? (3) 

What barriers constrain wider diffusion? (4) 

What governance frameworks best manage 

risks while enabling benefits? The article 

surveys seven application domains and 

synthesises findings into an ethical and policy 

framework. 

Core technologies underpinning 

contemporary AI. Machine learning—the 

family of techniques through which systems 

learn patterns directly from data—is the 

foundation of contemporary AI. Deep learning 

using multi-layered neural networks has 

produced most recent advances [2]. 

Convolutional neural networks (CNNs) 

dominate spatial data processing; transformer 

architectures, introduced in 2017, capture 

long-range dependencies through attention 

mechanisms and now underpin large language 

models (LLMs), protein structure prediction 

systems, and multimodal AI [3]. 

Reinforcement learning (RL) enables 

agents to acquire behavioural policies through 

environmental interaction and reward 

feedback. It produced landmark 

demonstrations including superhuman 

performance at strategic games and advances 

in robotic control and industrial energy 

optimisation [4]. The foundation model 

paradigm—large models pre-trained on broad 

data and adapted to downstream tasks—has 

concentrated computationally intensive 

development among a small number of 

organisations while democratising access 

through APIs and open-source releases [5]. 

Agentic AI systems pursuing multi-step goals 

with external tools extend AI's reach from 

generating outputs to taking consequential 

actions in the world. 

The scalability properties of 

reinforcement learning — once limited to 

relatively constrained environments — have 

expanded dramatically through the 

combination of deep neural function 

approximation with massive parallel 

simulation. DeepMind's AlphaFold 

demonstrated that RL-adjacent techniques, 

when combined with evolutionary multiple 

sequence alignment data, could solve the 

decades-old protein structure prediction 

problem with implications spanning drug 

discovery, synthetic biology, and materials 

science. In industrial settings, Google's 

application of deep RL to data centre cooling 

optimisation achieved energy reductions that 

illustrate the potential for AI to contribute to its 

own environmental footprint reduction, even 

as aggregate AI energy demand continues to 

grow. Multi-agent reinforcement learning, in 

which multiple AI systems interact within 

shared environments, is generating emergent 

coordination behaviours with applications in 

autonomous traffic management, distributed 

energy networks, and logistics orchestration. 

Data quality, quantity, and 

representativeness are as consequential as 

algorithmic design. Organisations with large, 

standardised data assets can develop high-

performing AI systems more rapidly, creating 



 

 

 

222 

Elmi Xəbərlər 16(3), 2026 

(İctimai və Texniki Elmlər Seriyası) 

) 

 

Scientific Bulletin 16(3), 2026 

(Social and Technical Sciences Series) 

structural competitive advantages with 

significant policy implications. 

 

AI Application Domains 

1. Healthcare. Healthcare is one of AI's 

most clinically mature domains. Deep neural 

networks have matched or exceeded specialist 

physicians on specific imaging tasks: skin 

lesion classification, diabetic retinopathy 

detection, and pulmonary nodule identification 

[6]. AlphaFold's prediction of three-

dimensional protein structures for nearly all 

known proteins has fundamentally altered 

pharmaceutical research workflows [7]. 

Natural language processing automates 

clinical documentation and enables 

retrospective cohort construction from 

unstructured text. Predictive analytics identify 

patients at risk of deterioration days before 

clinical signs appear, enabling earlier, more 

cost-effective intervention. Barriers include 

regulatory complexity, demographic bias in 

training data, and clinician resistance to 

opaque decision support systems [8]. 

Surgical robotics represents a domain 

where AI-assisted systems are moving from 

teleoperation support toward limited 

procedural autonomy under surgeon 

supervision. Intraoperative data streams 

generated by robotic platforms, aggregated at 

scale, enable predictive models for 

complication risk that generalise beyond any 

individual practitioner's experience. Digital 

pathology — whole-slide imaging combined 

with deep learning — has demonstrated 

performance approaching that of specialist 

pathologists on tumour classification tasks 

while revealing spatial tissue organisation 

patterns that human observers cannot 

systematically extract. Remote patient 

monitoring through wearables and 

smartphone-based biomarker capture extends 

clinical observation beyond hospital settings, 

with particular potential for chronic disease 

management in rural populations where in-

person care is logistically constrained. 

Beyond diagnostic imaging, AI is 

transforming drug discovery by enabling 

computational screening of molecular 

candidates against protein targets at scales 

unachievable through physical synthesis. 

Integration of genomic, transcriptomic, and 

proteomic data layers facilitates the 

identification of disease subtypes invisible to 

conventional clinical classification, opening 

pathways toward personalised therapies. 

Conversational AI tools designed around 

evidence-based therapeutic protocols are being 

piloted as low-barrier mental health support in 

settings where trained clinicians are scarce, 

though the evidence base for effectiveness 

remains early-stage. 

2. Finance. Financial services adopted 

machine learning early, motivated by rich 

structured data, observable outcomes, and high 

economic value of marginal accuracy 

improvements. Fraud detection systems 

analyse millions of daily transactions with 

speed and accuracy unachievable by rule-

based approaches. Credit scoring models using 

alternative data extend financial access to 

individuals lacking conventional credit 

histories [9]. Algorithmic trading exploits 

signals in price data, fundamentals, and 

alternative datasets. RegTech applications 

parse regulatory documents, map compliance 

requirements, and flag suspicious transactions 

for anti-money laundering review. Systemic 

risk concerns arise from the synchronisation of 

similar model outputs across many market 

participants. 

Robo-advisory platforms have 

democratised portfolio management, 

delivering algorithm-driven rebalancing to 

retail investors previously excluded by cost 

barriers. Insurance underwriting is being 

restructured by telematics data enabling 

pricing that reflects observed behaviour rather 

than demographic proxies — simultaneously 

improving actuarial precision and raising 

questions about discriminatory inference. 

Central banks are exploring natural language 

processing tools to monitor stability indicators 

extracted from earnings calls and news 

sentiment, providing higher-frequency signals 

than traditional macroeconomic statistics. 

Regulatory explainability requirements in 

credit decisions create direct tension with the 

opacity of the highest-performing deep 

learning models currently deployed. 

3. Transportation and autonomous 

systems. Autonomous vehicles (AVs) require 
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real-time fusion of camera, LIDAR, RADAR, 

and ultrasonic sensor data, prediction of 

surrounding road users' behaviour, and control 

execution within vehicle dynamics constraints 

[10]. Commercial robotaxi services have 

demonstrated genuine capability in geofenced 

environments; extension to unrestricted public 

roads remains more challenging due to the 

long tail of rare edge cases. Beyond passenger 

vehicles, AI optimises logistics networks, port 

operations, and urban traffic signal timing. In 

aviation, predictive maintenance and air traffic 

management optimisation deliver measurable 

fuel savings. Maritime AI addresses route 

optimisation and autonomous vessel 

navigation. 

The commercial deployment of 

autonomous vehicles has proceeded more 

cautiously than early projections suggested, 

reflecting the fundamental difficulty of long-

tail edge cases — infrequent but safety-critical 

scenarios underrepresented in training data 

drawn from typical driving conditions. Current 

commercial deployments remain geofenced to 

well-mapped urban environments with 

favourable weather conditions. In aviation, AI-

assisted air traffic management systems are 

enabling denser routing within existing 

airspace, reducing holding patterns and fuel 

burn while accommodating growing 

commercial volumes. Port logistics 

automation — combining autonomous 

container handling with AI-optimised vessel 

scheduling — has produced documented 

throughput improvements at early adopters, 

accelerating adoption planning among major 

port operators worldwide. 

4. Education. Adaptive learning systems 

modelling individual knowledge states and 

selecting optimal instructional activities have 

demonstrated, in randomised evaluations, 

learning gains comparable to one-on-one 

tutoring—approximately two standard 

deviations above classroom instruction 

averages [11]. LLM-based tools provide 

formative written feedback at scale, 

democratising tutoring-quality support. 

Predictive analytics enable early identification 

of at-risk students. Concerns centre on bias in 

automated assessment, academic integrity, and 

the irreplaceable relational and motivational 

dimensions of human teaching. 

AI accessibility applications represent a 

domain where technology demonstrably 

widens participation rather than concentrating 

advantage. Real-time speech recognition 

reduces barriers for motor-impaired students; 

automatic captioning supports deaf and hard-

of-hearing learners; adaptive reading tools 

calibrate lexical complexity for students with 

dyslexia. In higher education, AI-assisted 

literature synthesis is altering research 

workflows, enabling scholars to traverse vast 

publication databases with a specificity and 

speed unachievable through manual review, 

with early evidence suggesting AI-assisted 

teams produce work of broader disciplinary 

reach. 

5. Manufacturing and energy. 

Predictive maintenance using sensor-derived 

machine learning reduces unplanned 

downtime and maintenance expenditure by ten 

to twenty-five percent in documented 

deployments [12]. Computer vision performs 

defect detection at production line speeds 

beyond human capability. Reinforcement 

learning agents optimising semiconductor 

fabrication and glass production processes 

have demonstrated energy and yield 

improvements over conventional control. In 

energy, AI forecasts solar and wind output at 

fine spatial and temporal resolution, enabling 

efficient grid dispatch. Smart building systems 

reduce energy consumption by learning 

occupancy patterns. AI-driven materials 

discovery accelerates identification of next-

generation battery chemistries and 

electrocatalysts [13]. 

Buildings represent approximately 40% 

of global energy consumption, and AI-driven 

building management systems demonstrate 

consistent reductions in that footprint through 

occupancy-adaptive heating, ventilation, and 

lighting control. Reinforcement learning 

agents trained on historical building operation 

data progressively refine control policies, 

achieving energy savings that compound over 

deployment as the agent accumulates richer 

environmental models. At the grid level, AI-

powered demand response systems coordinate 

distributed assets — including electric vehicle 
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charging, industrial load shifting, and 

residential battery storage — to absorb 

renewable generation variability that would 

otherwise require costly peaking capacity. 

Longer-term, the intersection of AI with 

nuclear fusion research, particularly plasma 

stability control in tokamak reactors, 

represents a high-variance but potentially 

transformative horizon for zero-carbon 

baseload generation. 

6. Agriculture and food security. 

Precision agriculture platforms integrate 

multispectral satellite and drone imagery with 

machine learning to map within-field crop 

health variation and apply inputs at variable 

rates, reducing costs and environmental burden 

simultaneously. Mobile computer vision 

applications providing AI-generated plant 

disease diagnoses have been deployed at scale 

across Sub-Saharan Africa and South Asia, 

extending agronomic expertise to smallholder 

farming communities without access to trained 

extension officers [14]. Climate-smart 

agriculture decision support tools use AI-based 

climate projections to guide variety selection 

and planting schedule adjustments under 

changing conditions. 

Livestock management generates 

documented commercial returns through 

computer vision systems detecting behavioural 

indicators of illness earlier than human 

observers. Wearable biosensors combined 

with machine learning predict mastitis and 

metabolic disorders days before clinical signs 

appear. Food supply chain traceability is 

enhanced through sensor networks providing 

farm-to-consumer provenance data that 

strengthens food safety enforcement and 

creates premium market access for producers 

demonstrating verified sustainability 

credentials. The governance challenge centres 

on data ownership: precision agriculture 

platforms that aggregate farm-level data create 

information asymmetries that could 

systematically disadvantage smallholder 

farmers relative to technology providers 

controlling platform architecture. 

Aquaculture is an emerging application 

frontier: computer vision systems monitoring 

fish behaviour and feeding patterns in marine 

cages enable precision feeding that reduces 

feed conversion ratios and water quality 

degradation simultaneously. Crop insurance 

markets in developing economies are being 

restructured by satellite-based yield estimation 

that eliminates the moral hazard and adverse 

selection problems inherent in traditional 

indemnity models, enabling parametric 

products that pay out automatically when 

measured yields fall below predefined 

thresholds. Post-harvest loss reduction — 

estimated at 30–40% of production in sub-

Saharan Africa — represents a high-impact 

domain where AI-optimised storage condition 

monitoring and supply chain routing could 

generate food security benefits 

disproportionate to technology investment 

costs. 

Cross-cutting risks and ethical 

challenges. Algorithmic bias is among the 

most extensively documented risks. Machine 

learning systems trained on historical data 

reflect and can amplify discrimination patterns 

[8]. Facial recognition has exhibited 

substantially higher error rates for dark-

skinned female faces; credit models have 

produced differential outcomes correlated with 

demographic characteristics. Addressing bias 

requires intervention at every stage: dataset 

curation, model architecture, validation, and 

post-deployment monitoring. 

Privacy erosion arises from AI's data 

intensity. Aggregating individually innocuous 

data can produce highly sensitive inferences 

about health, political beliefs, and financial 

vulnerabilities. AI-enabled surveillance by 

commercial actors and state institutions raises 

fundamental questions about autonomy and 

democratic participation [15]. Privacy-

preserving techniques—federated learning, 

differential privacy—offer partial mitigations 

but impose performance costs. 

Labour market disruption 

disproportionately affects workers in routine 

cognitive and physical roles. AI augments the 

productivity of workers combining AI tools 

with human judgment, creativity, and 

emotional intelligence, while those in routine 

roles face higher displacement risk with fewer 

retraining resources. Distributional 

consequences are therefore likely to be 

regressive without deliberate policy 
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intervention [16]. Accountability frameworks 

remain inadequate for AI-assisted high-stakes 

decisions: traditional liability models were not 

designed for probabilistic, learning-based 

systems. 

The concentration of AI capabilities 

among organisations with large-scale 

computational resources and proprietary data 

assets exhibits winner-take-most market 

dynamics. Early data and compute advantages 

compound through the feedback loop between 

deployment scale, data accumulation, and 

model improvement, raising antitrust concerns 

beyond the reach of existing regulatory 

frameworks. The environmental footprint of 

AI — particularly energy and water 

consumption associated with training large 

models — is a growing externality that must be 

factored into net social benefit assessments. 

Emerging research into neuromorphic 

architectures and efficient training algorithms 

represents a partial technical response; 

however, the primary lever remains the carbon 

intensity of electricity powering AI data 

centres, which varies significantly across 

geographies. 

 

Policy recommendations 

At the international level, common AI 

governance standards should be developed 

through multilateral forums including the 

OECD AI Policy Observatory, the G7 AI 

Initiative, and the Global Partnership on AI, 

with particular urgency on autonomous 

weapons, critical infrastructure AI, and AI in 

human rights contexts [17]. 

Nationally, governments should invest in 

AI safety research as a public good, build 

regulatory capacity in sector agencies, and 

implement risk-calibrated regulation: high-

stakes applications in healthcare, criminal 

justice, and safety-critical transportation 

warrant pre-deployment validation, mandatory 

post-deployment monitoring, explainability 

standards, and fairness assessments. 

Mandatory incident reporting and public 

registries of high-risk AI deployments would 

support collective learning. 

Data governance infrastructure—

standardised formats, secure sharing 

platforms, federated learning infrastructure—

should be treated as public investment 

priorities. Antitrust authorities should monitor 

data accumulation by large AI platforms. 

Workforce policy should be proactive: 

employer-linked retraining subsidies, portable 

skills accounts, and expanded vocational 

education capacity in technology-relevant 

skills, alongside social protection review for 

adequacy in an AI-disrupted labour market 

[16]. Within organisations, designated AI 

accountability roles, cross-functional ethics 

review processes, and explainability and 

monitoring infrastructure are recommended 

governance practices. 

 

Discussion 

The findings presented across Sections 

2–5 suggest that the trajectory of AI adoption 

is shaped as much by institutional and 

governance factors as by the pace of 

technological progress itself. Three 

overarching themes emerge from the cross-

sectoral synthesis that merit extended analysis. 

First, the pattern of uneven adoption 

reveals a structural dynamic: domains 

characterised by abundant labelled data, 

clearly measurable outcomes, and high 

tolerance for iterative experimentation have 

experienced the most rapid AI-driven 

improvements. Healthcare imaging and 

financial fraud detection exemplify this 

pattern. Conversely, domains in which 

outcomes are difficult to quantify, data are 

fragmented, or social dimensions are central 

— such as primary education and mental 

health care — have seen more cautious and 

contested adoption. This implies that future 

research should focus on improving data 

infrastructure and evaluation frameworks in 

high-social-value domains where AI 

integration has lagged behind its potential. 

Second, the cross-cutting ethical risks 

identified — particularly algorithmic bias and 

accountability gaps — are not incidental but 

structural features of machine learning systems 

trained on historical data. Addressing them 

requires multi-level intervention: technical 

approaches such as fairness-aware training and 

post-hoc auditing must be complemented by 

regulatory frameworks that mandate 

transparency and create enforceable standards 
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for high-stakes applications. Evidence 

reviewed suggests that voluntary industry self-

regulation alone has proved insufficient 

wherever it has been the primary governance 

mechanism. 

Third, labour market implications are 

more nuanced than either optimistic or 

pessimistic accounts suggest. AI is automating 

specific task categories rather than entire 

occupations, with distributional effects 

depending heavily on the design of 

accompanying social and workforce policies. 

Countries and organisations that invest 

proactively in retraining, complementary skill 

development, and adaptive social protection 

are better positioned to realise productivity 

gains while managing displacement costs. This 

finding reinforces the central argument that 

AI's societal consequences are substantially a 

function of deliberate policy choices. 

Limitations of this study should be 

acknowledged. Reliance on secondary data 

means the analysis reflects perspectives of 

well-resourced, predominantly English-

language institutions. Primary empirical 

research on AI adoption in lower-income 

contexts would strengthen the evidentiary base 

for the recommendations proposed. Future 

research employing mixed methods — 

combining systematic review with expert 

interviews and case analysis — would 

contribute additional depth to the framework 

developed here. 

 

Conclusion 

This article has demonstrated that AI is a 

powerful but uneven, context-dependent 

technology whose consequences are 

substantially shaped by choices about data 

governance, institutional design, and 

regulation. The sectoral analysis reveals a 

consistent pattern: AI creates greatest value 

where tasks are well defined, data are abundant 

and high quality, and accountability structures 

are clear. 

The risks identified—bias, privacy 

erosion, labour displacement, capability 

concentration, and accountability gaps—are 

structural features of a technology that learns 

from historical data and operates at scale. 

Addressing them requires simultaneous 

technical, institutional, regulatory, and 

political interventions. The central conclusion 

is that AI's future will be determined less by 

technological capability than by the choices of 

the humans and institutions that deploy it. 

Realising AI's potential for broadly shared 

human flourishing requires active, evidence-

based governance rather than uncritical 

reliance on market mechanisms. 
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Qərbi Kaspi Universitetinin magistrantı, Bakı, Azərbaycan 

 

SÜNİ İNTELLEKTİN GƏLƏCƏYİ VƏ TƏTBİQ SAHƏLƏRİ 

 

Xülasə 

Bu məqalə süni intellektin (Sİ) hazırkı vəziyyətini, tətbiq sahələrini və idarəetmə problemlərini 

araşdırır. 2018–2024-cü illər ərzində nəşr olunmuş elmi ədəbiyyat, sənaye hesabatları və beynəlxalq 

təşkilatların materialları sintez edilmişdir. Sİ tapşırıqların dəqiq müəyyənləşdirildiyi, məlumat 

toplusunun geniş olduğu və fəaliyyət göstəricilərinin konkret olduğu sahələrdə ən böyük dəyəri 

yaradır. Səhiyyə, maliyyə, nəqliyyat, təhsil, istehsalat, enerji və kənd təsərrüfatı üzrə ölçülə bilən 

irəliləyişlər qeydə alınmışdır. Alqoritmik qərəzlilik, məxfiliyin pozulması, əmək bazarının dəyişməsi 

kimi risklər aktiv idarəetmə tədbirləri tələb edir.  

Açar sözlər: süni intellekt, maşın öyrənməsi, dərin öyrənmə, avtonom sistemlər, Sİ 

idarəetməsi. 

 

 

Гусейн Эмиль МАМЕДОВ 

Магистрант, Западно-Каспийский университет, Баку, Азербайджан 

 

БУДУЩЕЕ ИСКУССТВЕННОГО ИНТЕЛЛЕКТА И СФЕРЫ ЕГО ПРИМЕНЕНИЯ 

 

Резюме 

В данной статье исследуется текущее состояние и прогнозируемая траектория развития 

искусственного интеллекта (ИИ) с акцентом на основные области его применения и 

возникающие проблемы управления. Принята качественная методология вторичных данных, 
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основанная на синтезе рецензируемой научной литературы, отраслевых отчётов и публикаций 

международных организаций — ОЭСР и Всемирного экономического форума — за период 

2018–2024 годов. ИИ создаёт наибольшую ценность там, где задачи чётко определены, наборы 

данных велики и точны, а показатели эффективности измеримы. В здравоохранении, 

финансах, транспорте, образовании, производстве, энергетике и сельском хозяйстве 

зафиксированы измеримые улучшения. Алгоритмическая предвзятость, утечка данных и 

вытеснение рабочей силы требуют активных мер управления. 

Ключевые слова: искусственный интеллект, машинное обучение, глубокое обучение, 

автономные системы, управление ИИ. 
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