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The commercial aviation industry stands at an inflection point, driven by the convergence of 

artificial intelligence (AI), machine learning (ML), and advanced automation technologies across 

its operational, commercial, and infrastructural domains. This paper conducts a systematic thematic 

review of the literature to examine how AI and automation are reshaping aviation across six 

principal dimensions: airline operations and scheduling, maintenance, repair, and overhaul (MRO), 

air traffic management (ATM), passenger experience, cargo logistics, and regulatory governance. 

This paper identifies that AI adoption is not uniform across regions or subsectors: Southeast Asian 

and Asia-Pacific carriers face distinct institutional and infrastructure constraints that mediate the 

benefits observed in North American and European contexts. The review further examines 

workforce displacement risks, cybersecurity vulnerabilities introduced by digitalization, ethical 

concerns around algorithmic decision-making, and the emergent tension between automation-

driven efficiency and human oversight requirements in safety-critical environments. The paper 

concludes that while the productivity and safety case for AI in aviation is empirically robust, the 

societal and Labor consequences demand policy frameworks that are contextually sensitive, 

particularly for developing-economy aviation markets. A conceptual framework is proposed that 

integrates technology adoption theory, institutional theory, and stakeholder analysis to structure 

future empirical inquiry. 

 

Keywords: artificial intelligence, aviation automation, digital transformation, airline operations, 

air traffic management, workforce displacement, predictive maintenance, Southeast Asia. 
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Few industries are as structurally sensitive to operational inefficiency as commercial aviation. 

A one-minute block-time delay in a hub-and-spoke network can propagate across dozens of 

subsequent flights (Barnhart et al., 2020). A single undetected component failure can ground 

a fleet worth hundreds of millions of dollars (Chen & Wang, 2022). The complexity of routing 

100,000 daily commercial flights through shared, finite airspace, while satisfying safety 

margins, environmental constraints, passenger expectations, and commercial imperatives 

,makes aviation a compelling site for the application of artificial intelligence and automation. 

The global aviation industry was, prior to the COVID-19 pandemic, valued at approximately 

USD 838 billion in annual revenues (IATA, 2019). The pandemic did not merely cause the 

industry to contract; it forced a structural reappraisal of how airlines, airports, air navigation 

service providers (ANSPs), and manufacturers operate. The acceleration of digital 

transformation during 2020–2023 compressed a decade's worth of technology adoption into 

approximately three years (Oliver Wyman, 2022). The question is no longer whether AI will 

transform aviation, but through what mechanisms, at what pace, with what distributional 

consequences, and under which governance arrangements. 

This paper addresses these questions through a systematic thematic review of academic and 

practitioner literature. The review is grounded in three research questions: 

• RQ1: What is the current state of AI and automation adoption across the major functional 

domains of commercial aviation? 

• RQ2: What Organizational, institutional, and technological factors mediate the 

effectiveness of AI adoption in aviation, with particular reference to the Asia-Pacific 

context? 

• RQ3: What are the principal societal consequences of aviation automation, specifically 

regarding workforce, safety, cybersecurity, and equity, and what governance responses are 

evident in the literature? 

The remainder of this paper is Organized as follows. Section 2 provides the theoretical 

framework. Section 3 outlines the methodology. Sections 4 through 9 address the substantive 

thematic areas. Section 10 presents a synthesis and conceptual model. Section 11 concludes 

with implications for practice and policy. 

 

2. Theoretical Framework 

The theoretical literature provides several complementary lenses for analysing AI adoption in 

aviation. This paper synthesises three principal frameworks: Technology-Organisation-

Environment (TOE) theory, Institutional Theory, and Sociotechnical Systems (STS) theory. 

 

2.1 Technology-Organisation-Environment (TOE) Framework 

First proposed by Tornatzky and Fleischer (1990) and subsequently applied extensively in 

information systems and operations management research, the TOE framework posits that 

technology adoption is shaped by three contextual dimensions. The technological context 

concerns the technologies available to and within the firm, their maturity, relative advantage, 

and compatibility with existing infrastructure. The Organizational context encompasses firm 

size, slack resources, managerial capacity, and the degree to which decision-makers are 

technically literate. The environmental context captures industry structure, competitive 

dynamics, regulatory conditions, and macroeconomic factors. In aviation, TOE predictions are 

well-supported: large network carriers with greater resources adopt AI at significantly higher 
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rates than regional or low-cost carriers (IATA, 2023), and regulatory environments with 

mature digital certification frameworks ,such as the FAA's UAS Integration Office or EASA's 

AI roadmap ,enable faster adoption (EASA, 2022; Dillingham, 2023). 

 

2.2 Institutional Theory 

DiMaggio and Powell (1983) argued that organisations in the same field tend towards 

structural similarity, isomorphism ,driven by coercive pressures (regulatory mandates), 

mimetic pressures (imitation of successful peers), and normative pressures (professional 

standards and industry norms). In the aviation context, coercive isomorphism is evident in 

ICAO safety standards that drive the adoption of certain automation technologies regardless 

of Organizational preference (ICAO, 2022). Mimetic isomorphism is observable in the rapid 

diffusion of AI-powered dynamic pricing after early adopters demonstrated financial 

outperformance (Vinod, 2021). Normative isomorphism operates through organisations such 

as IATA, ACI, and CANSO, whose technical guidance documents function as quasi-

regulatory standards for the industry (IATA, 2023; CANSO, 2020). 

 

2.3 Sociotechnical Systems Theory 

STS theory, rooted in the work of Emery and Trist (1960) and developed in high-reliability 

organization research by Perrow (1984) and Weick (1987), is particularly relevant for safety-

critical applications of AI in aviation. STS emphasizes that technological systems and social 

systems are deeply intertwined: the effectiveness of an automation intervention is not merely 

a function of the technology's capabilities, but of how it is integrated into human workflows, 

Organizational culture, and institutional oversight mechanisms. The accidents and incidents 

associated with the Boeing 737 MAX MCAS system ,while predating widespread AI adoption, 

demonstrated with tragic clarity the risks of deploying automated systems that outpace the 

human and Organizational capacity to manage them (Cadigan, 2020). This framework 

motivates the paper's attention to human-automation interaction and governance in subsequent 

sections. 

 

3. Methodology 

This paper employs a systematic thematic review methodology, following the protocol 

described by Tranfield et al. (2003) and adapted for management and business research by 

Denyer and Tranfield (2009). The aim is not to conduct a meta-analysis of quantitative effect 

sizes, but to map and critically synthesise a heterogeneous body of evidence, including peer-

reviewed empirical studies, practitioner reports, regulatory documents, and industry statistics 

,bearing on the adoption, impact, and governance of AI and automation in commercial 

aviation. 

 

3.1 Search Strategy 

The literature search was conducted across four databases: Web of Science, Scopus, Google 

Scholar, and the EBSCO Business Source Complete database. In addition, grey literature from 

IATA, ICAO, EASA, FAA, Boeing, Airbus, SITA, Eurocontrol, Deloitte, McKinsey, and 

Oliver Wyman was systematically retrieved. The search terms applied were: ("artificial 

intelligence" OR "machine learning" OR "automation") AND ("aviation" OR "airline" OR 

"airport" OR "air traffic management" OR "MRO"). 
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3.2 Inclusion and Exclusion Criteria 

Studies were included if they: (a) addressed AI, machine learning, deep learning, robotics, or 

automation in a civil aviation context; (b) provided empirical results, systematic reviews, or 

authoritative policy/industry analysis; and (c) were published in English. Studies were 

excluded if they: (a) addressed military aviation exclusively; (b) were conference abstracts 

with no full text; or (c) reported findings insufficiently detailed to permit critical analysis. 

Following screening, 34 primary sources were included in the thematic synthesis, 

supplemented by an additional 9 secondary sources for theoretical and contextual framing. 

 

3.3 Thematic Coding 

Thematic coding was conducted deductively, informed by the research questions, and 

inductively, following the emergence of unexpected patterns in the data. Six primary themes 

were identified: (1) operational efficiency and scheduling; (2) maintenance, repair, and 

overhaul; (3) air traffic management; (4) passenger experience and commercial optimisation; 

(5) workforce and Labor implications; and (6) governance, regulation, and ethics. A seventh 

cross-cutting theme ,regional differentiation with specific reference to Asia-Pacific ,emerged 

inductively from the data. The distribution of reviewed sources across themes is summarised 

in Table 5 (Literature Summary Table). 

 

Table 5. Selected literature: themes, methods, and key findings. Source: Authors' review. 

 

Author(s) & Year Study Focus Key Finding Methodology 

Alam et al. (2021) ML in ATC delay 

prediction 

87% accuracy in 

predicting ATFM delays 

>15 min 

Supervised 

ML, 

Eurocontrol 

data 

Barnhart et al. 

(2020) 

Airline schedule 

optimization 

Crew scheduling cost 

reduction of 8–12% 

Mixed-integer 

programming 

Chen & Wang 

(2022) 

Predictive 

maintenance ROI 

23% reduction in 

unscheduled MRO 

events 

Case study, 3 

Asian carriers 

Dillingham (2023) FAA AI 

integration 

Certification framework 

gaps identified 

Regulatory 

analysis 

Eurocontrol (2023) ATC automation 

scenarios 

3 technology pathways 

to 2035 

Scenario 

planning 

IATA (2023) Industry digital 

maturity 

62% of carriers have AI 

strategy 

Global survey, 

120 airlines 

Koenig & 

Schiefelbusch 

(2022) 

Passenger 

experience AI 

NPS improvement of 

12–18 points 

Longitudinal 

survey 

Lee & Yang 

(2022) 

Deep learning for 

FOD detection 

96.3% detection rate, 

2.1% false positive 

CNN 

experiment, 

airport data 



The Aviation Industry's Digital Leap……. Folorunso, Matthew Kayode et al.1353 

 

Nanotechnology Perceptions 20 No. S1 (2024) 1349-1369 

SITA (2023) Airport 

technology 

adoption 

72% biometric adoption 

target by 2026 

Industry survey 

WEF (2020) Future of aviation 

jobs 

50% of tasks 

automatable by 2030 

Economic 

modelling 

 

4. AI in Airline Operations and Scheduling 

The operational complexity of a large network carrier ,managing thousands of flight legs, crew 

assignments, aircraft rotations, gate allocations, and real-time disruption recovery, makes it 

one of the most resource-intensive planning problems in commercial logistics. AI and 

operations research (OR) techniques have been applied to aviation scheduling problems since 

the 1990s, but the availability of large-scale data infrastructure and advances in ML and 

optimisation algorithms since 2015 have substantially expanded the scope and performance of 

these systems. 

 

4.1 Demand Forecasting and Revenue Management 

Airline revenue management systems (RMS) have evolved from static O&D (origin-

destination) models to dynamic, ML-driven platforms capable of processing hundreds of 

variables in real time to set fare prices and control seat inventory (Vinod, 2021). Machine 

learning models,particularly gradient boosting and recurrent neural networks, have 

demonstrated superior forecast accuracy over traditional ARIMA-based time series models for 

passenger demand, with reported improvements of 12–22% in forecast accuracy (Hopman et 

al., 2021). IATA's New Distribution Capability (NDC) programme, which enables airlines to 

personalise offers beyond the legacy GDS infrastructure, creates the data architecture that 

feeds these ML models with richer attribute-level demand signals (IATA, 2023). 

The application of reinforcement learning (RL) to dynamic pricing is an emerging frontier. 

Unlike supervised ML models that learn from historical patterns, RL agents learn through 

environmental feedback ,iteratively adjusting price actions to maximise cumulative revenue 

signals. While early deployments remain proprietary, Talluri and Van Ryzin (2004) 

established the theoretical foundations, and more recent implementations in digital-first 

carriers have reportedly reduced revenue leakage from misallocated capacity by 8–15% 

(Oliver Wyman, 2022). 

 

4.2 Disruption Management and Recovery 

Irregular operations ,delays, cancellations, aircraft swaps, and crew rerouting events ,represent 

one of the most costly and complex operational challenges in aviation. Barnhart et al. (2020) 

estimated that weather-related irregularities alone cost U.S. airlines approximately USD 8 

billion annually in direct and knock-on costs. AI-powered integrated recovery systems that 

simultaneously optimise aircraft, crew, and passenger rebooking plans ,previously treated as 

separate problems due to computational constraints ,have begun entering commercial 

deployment (Clausen et al., 2010; Marla et al., 2011). 

Key innovations include the use of graph neural networks for delay propagation modelling 

(Alam et al., 2021) and multi-agent systems that simulate the cascading effects of disruptions 

across hub networks before committing to recovery actions. Alam et al. (2021) reported an 
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accuracy of 87% in predicting air traffic flow management (ATFM) delays exceeding 15 

minutes, representing a meaningful improvement over existing ground delay programme tools. 

 

Figure 1. Estimated AI investment as share of total IT spend by aviation segment 

(2023). 

 

Figure 1. Estimated AI Investment as Share of Total IT Spend by Aviation Segment 

(2023) 

Passenger Services █████████████████████████████░░░░░░░ 72% 

MRO / Maintenance   ████████████████████████░░░░░░░░░░░ 61% 

Airline Operations ███████████████████████████░░░░░░░░░ 68% 

Air Traffic Mgmt    ██████████████████████░░░░░░░░░░░░░░ 54% 

Cargo & Logistics   ███████████████████████░░░░░░░░░░░░░ 58% 

GroundOperations   ███████████████████░░░░░░░░░░░░░░░░░░47% 

 

Source: IATA (2023); SITA (2023); Deloitte (2022). Compiled by authors. 

Source: IATA (2023); SITA (2023); Deloitte (2022). 

 

4.3 Fuel Optimisation 

Fuel represents 20–30% of total airline operating costs and is the industry's largest single 

expense item (IATA, 2023). AI-based fuel optimisation systems integrate meteorological data, 

aircraft performance models, air traffic constraints, and flight plan variables to compute fuel-

optimal trajectories in real time. Airbus's Skywise platform and GE Aviation's flight analytics 

suite are examples of commercially deployed systems that have reported fuel savings of 1–3% 

per flight ,modest in percentage terms but material at scale, given that a 1% fuel saving across 

the global fleet represents approximately USD 1.5 billion annually (Boeing, 2023). 

The intersection of AI fuel optimisation with Sustainable Aviation Fuel (SAF) logistics 

planning represents a nascent but growing area of research. As SAF blend ratios vary by 

departure airport and supply chain, AI systems that dynamically plan fuel uplift strategies 

across multi-leg rotations to maximise SAF usage within regulatory limits are beginning to be 

developed (Lee et al., 2021). 

 

5. Artificial Intelligence in Maintenance, Repair, and Overhaul (MRO) 

The MRO segment of commercial aviation ,encompassing airframe maintenance, engine 

overhaul, component repair, and line maintenance activities ,represents an estimated USD 82 

billion global market as of 2023 and is projected to exceed USD 116 billion by 2033 (Oliver 

Wyman, 2022). AI is transforming MRO through three principal mechanisms: predictive 

maintenance, computer vision inspection, and digital twin simulation. 

 

5.1 Predictive Maintenance 

Traditional aviation maintenance regimes are time-based (replacing components at fixed 

calendar or flight-hour intervals) or condition-based (replacing components when measured 

parameters exceed thresholds). Predictive maintenance, enabled by ML analysis of continuous 

sensor data from aircraft health monitoring systems (AHMS), allows maintenance 
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interventions to be scheduled based on the predicted probability of failure of specific 

components, reducing unnecessary replacements and unscheduled groundings. 

Chen and Wang (2022) conducted a case study of three Asian carriers that implemented 

predictive maintenance programmes across their Boeing 737NG and Airbus A320 fleets. They 

reported a 23% reduction in unscheduled maintenance events and a 17% improvement in 

aircraft utilisation rates. Lufthansa Technik's AVIATAR platform ,a cloud-based predictive 

analytics suite used by more than 60 airlines globally ,uses fleet-wide data aggregation to 

benchmark individual aircraft health trends against population-level baselines, enabling 

anomaly detection that static threshold-based systems cannot achieve (Lufthansa Technik, 

2022). 

 

5.2 Computer Vision for Aircraft Inspection 

Manual visual inspection of aircraft surfaces, engines, and structural components is Labor-

intensive, subjective, and inherently limited by human perceptual constraints. Computer vision 

systems ,particularly convolutional neural networks (CNNs) trained on large annotated 

datasets of defect images ,have demonstrated the ability to match or exceed human inspector 

accuracy on certain standardised inspection tasks. 

Lee and Yang (2022) conducted a controlled experiment deploying a CNN-based foreign 

object debris (FOD) detection system on runway surfaces at a major Asia-Pacific airport. The 

system achieved a 96.3% detection rate with a 2.1% false positive rate, substantially 

outperforming the baseline manual inspection process. Similarly, Airbus's Airbus Aerial 

platform uses drone-mounted cameras and computer vision algorithms to conduct automated 

fuselage inspections in a fraction of the time required by human inspectors, with damage 

detection rates comparable to certified maintenance personnel (Airbus, 2023). 

 

5.3 Digital Twins 

A digital twin is a virtual model of a physical asset that is continuously updated with real-time 

sensor data, enabling simulation of the asset's future behaviour under various operating 

scenarios. In aviation, digital twins are being developed at the component level (individual 

engines, landing gear assemblies), aircraft level, and fleet level. Rolls-Royce's 

IntelligentEngine programme creates a digital twin for each engine it delivers, enabling 

lifetime performance tracking, personalised maintenance scheduling, and predictive failure 

modelling (Rolls-Royce, 2021). 

The value of digital twins extends beyond individual asset management. Fleet-level digital 

twins enable ANSPs and airlines to simulate the network-wide consequences of maintenance 

outages before they occur, informing contingency planning and spare parts positioning. The 

implementation cost of full-scope digital twin programmes remains a significant barrier for 

smaller carriers and developing-market operators, a point to which this paper returns in Section 

10 (Deloitte, 2022). 

 

6. Automation in Air Traffic Management 

Air traffic management (ATM) is widely regarded as the most safety-critical application of AI 

and automation in aviation. The global ATM system handles approximately 100,000 flights 

daily across a patchwork of national and regional airspace authorities, each with distinct 

procedures, communication standards, and technology generations. The inefficiencies 
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embedded in this system ,estimated to cost the industry USD 19 billion per year in excess fuel 

burn and delays (Eurocontrol, 2023) ,represent a major incentive for AI-driven transformation. 

 

6.1 The Case for ATM Automation 

The argument for ATM automation rests on three pillars. First, controller workload: current 

airspace capacity is constrained by the cognitive throughput of human controllers, who can 

typically manage 8–15 aircraft simultaneously under standard en-route conditions. AI-assisted 

decision support systems can expand effective capacity by providing conflict detection, 

resolution advisories, and traffic sequence recommendations that reduce the cognitive load on 

controllers. Second, consistency: human controllers exhibit performance variation due to 

fatigue, shift handovers, and individual technique differences; automated systems provide 

greater consistency across operational scenarios. Third, system integration: as unmanned 

aircraft systems (UAS) and advanced air mobility (AAM) vehicles seek to enter controlled 

airspace, the volume and complexity of traffic management tasks will exceed the capacity of 

purely human-operated systems (FAA, 2023). 

 

6.2 SESAR and NextGen Programmes 

The two major ATM modernisation programmes ,SESAR (Single European Sky ATM 

Research) in Europe and NextGen in the United States ,represent multi-decade, multi-billion-

dollar infrastructure programmes designed to shift ATM from ground-based radar surveillance 

to satellite-based surveillance (ADS-B), from fixed airway routes to performance-based 

navigation (PBN), and from reactive conflict resolution to collaborative, network-level 

trajectory management (Eurocontrol, 2023; FAA, 2023). 

Key automation components within these programmes include: Electronic Flight Strips (EFS) 

replacing paper strips in tower environments; Trajectory Based Operations (TBO) that allow 

aircraft to fly precise 4D trajectories; and Machine Learning-based traffic flow management 

tools that optimise the sequencing of arrival flows at busy airports, reducing holding times and 

fuel burn. A 2023 Eurocontrol study found that TBO implementation in European en-route 

airspace could deliver fuel savings of up to 4.5% relative to the existing system, equivalent to 

approximately 12 million tonnes of CO2 annually (Eurocontrol, 2023). 

 

6.3 Human-Automation Teaming in ATC 

The transition from human-operated to automated ATM is not a binary switch but a spectrum 

of automation levels, each with distinct implications for the human-machine interface. 

Parasuraman et al. (2000) developed the widely-cited Level of Automation (LOA) taxonomy, 

which describes the degree to which humans versus automated systems execute decision-

making and action across ten functional stages. In ATC, most operational deployments remain 

in the middle range of this taxonomy ,automation provides recommendations, but human 

controllers retain authority over final separation assurance decisions (Sheridan & 

Parasuraman, 2006). 

Concerns about skill degradation in highly automated environments ,the so-called 'out-of-the-

loop' problem ,are well-documented in the ATC literature (Endsley & Kiris, 1995). As 

controllers spend less time manually managing traffic, their ability to detect and recover from 

automation failures may diminish. This creates a non-trivial safety paradox: the same 

automation that reduces routine workload may increase vulnerability to rare, high-
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consequence failure events. Addressing this paradox requires careful attention to Human 

Factors design, competency-based training programmes, and operational procedures that 

maintain controller proficiency in degraded-mode operations (Eurocontrol, 2023). 

 

Figure 2. Key milestones in aviation automation and AI adoption (2005–2024). Source: 

Compiled by authors. 

 

Figure 2. Key Milestones in Aviation Automation and AI Adoption (2005–2024) 

2005  ▶  Boeing 787 Dreamliner introduces fly-by-wire with advanced automated 

systems 

2008  ▶  SESAR (Single European Sky ATM Research) programme launched in 

Europe 

2011  ▶  IATA e-freight and paperless cargo initiatives reach critical mass 

2013  ▶  First commercial deployment of predictive maintenance algorithms (GE 

Aviation) 

2015  ▶  Biometric boarding pilots begin at select airports (Dubai, Singapore) 

2016  ▶  First AI-based dynamic pricing engine deployed at scale by major LCC 

2018  ▶  FAA Beyond programme begins drone BVLOS trials 

2019  ▶  IATA NDC reaches 20% industry adoption; AI chatbots enter mainstream 

2020  ▶  COVID-19 accelerates contactless tech; ML-based demand forecasting surge 

2021  ▶  Digital twin programmes launched by Airbus and Lufthansa Technik 

2022  ▶  EASA AI roadmap published; computer vision FOD detection deployed 

commercially 

2023  ▶  Urban Air Mobility trials expand; ChatGPT-era AI enters airline customer 

service 

2024  ▶  EASA Concept of Operations for UAM; AI-augmented ATC trials in 8 EU 

states 

Source: Boeing (2023); IATA (2023); EASA (2022, 2024); FAA (2023). Compiled by 

authors. 

 

7. AI in Passenger Experience and Commercial Operations 

The passenger-facing dimension of aviation AI has attracted significant commercial 

investment and public attention, driven by the competitive premium that airlines and airports 

can extract from superior customer experience outcomes. Applications span the full journey 

lifecycle: pre-booking search and offer personalisation, digital check-in and biometric 

processing, in-airport wayfinding and services, in-flight connectivity, and post-travel service 

recovery. 

 

7.1 Personalisation and Dynamic Pricing 

AI-driven personalisation in airline retailing has advanced rapidly since the adoption of 

IATA's New Distribution Capability (NDC) standard, which enables airlines to distribute rich, 

attribute-specific offers beyond the price-and-schedule constraints of the legacy Global 

Distribution System (GDS) infrastructure (IATA, 2023). ML recommendation engines 
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,analogous to those deployed by Netflix or Amazon ,are being applied to airline ancillary 

revenue management, identifying which passengers are most likely to purchase seat upgrades, 

lounge access, or checked baggage allowances at which price points and at which point in the 

booking journey. 

Koenig and Schiefelbusch (2022) conducted a longitudinal study of a European full-service 

carrier's AI personalisation programme and reported Net Promoter Score (NPS) improvements 

of 12–18 points among passengers who received personalised journey communications 

relative to a control group receiving standard communications. However, the study also 

documented passenger concerns about data privacy and the perceived intrusiveness of 

behavioural targeting, particularly among older demographic segments. 

 

7.2 Biometrics and Contactless Processing 

Biometric identity verification ,using facial recognition, fingerprint scanning, or iris 

recognition to confirm passenger identity at multiple journey touchpoints ,is among the fastest-

growing areas of aviation AI investment. SITA's 2023 Air Transport IT Insights survey found 

that 72% of airlines and 76% of airports had or planned to have biometric passenger processing 

capability by 2026 (SITA, 2023). The Dubai International Airport single-token biometric 

journey ,in which a passenger's identity is enrolled once at entry and subsequently verified 

without documentation at each subsequent checkpoint ,is the most advanced operational 

deployment globally (GACA, 2023). 

 

Regulatory frameworks governing biometric data in aviation are, however, inconsistent across 

jurisdictions. The EU's General Data Protection Regulation (GDPR) classifies biometric data 

as a special category requiring explicit consent, creating operational friction for biometric 

programmes at European airports (European Commission, 2021). ASEAN member states lack 

a harmonised biometric data framework, creating fragmented implementation in the region 

most relevant to the IJBS readership (ASEAN, 2022). 

 

7.3 AI Chatbots and Customer Service Automation 

Natural Language Processing (NLP) applications in airline customer service ,chatbots, virtual 

assistants, and automated voice response systems ,have reduced first-contact resolution times 

and cost-per-interaction figures for carriers that have invested in these systems. However, the 

literature also identifies a persistent 'automation ceiling': passengers with complex, 

emotionally charged, or irregular requests ,missed connections, medical emergencies, 

bereavement travel ,consistently report lower satisfaction when served exclusively by 

automated systems (Koenig & Schiefelbusch, 2022). This finding aligns with broader service 

quality research (Zeithaml et al., 2006) that emphasises the enduring importance of human 

empathy in service recovery scenarios. The optimal deployment of airline customer service AI 

is therefore not wholesale replacement of human agents but intelligent triage: routing 

straightforward transactional requests to automated channels while preserving human agents 

for high-complexity, high-stakes interactions. 

 

8. Workforce and Labor Implications 

The Labor displacement consequences of automation have been a central concern of the 

economics literature since at least Autor et al. (2003), who introduced the task-based 
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framework distinguishing routine from non-routine, cognitive from manual tasks. Aviation is 

a particularly instructive case because it employs a highly heterogeneous workforce: from 

cabin crew performing largely interpersonal service roles to maintenance technicians 

executing precision technical tasks to pilots operating safety-critical systems with significant 

cognitive demands. The displacement risk profile differs substantially across these categories. 

 

Table 3 below summarises the estimated automation risk and workforce change projections 

by aviation job category, synthesised from WEF (2020), IATA (2023), and McKinsey Global 

Institute (2017) data. 

 

Table 4. Workforce displacement risk and reskilling requirements by aviation job 

category. Sources: WEF (2020); IATA (2023); McKinsey Global Institute (2017). 

 

Job Category Automation 

Risk Level 

Projected 

Change by 2030 

Reskilling Requirement 

Ticketing & Check-

in Agents 

Very High 

(>80%) 

-35% to -50% Digital service roles 

Baggage Handlers High (60–80%) -20% to -35% Equipment supervision 

Aircraft Maintenance 

Technicians 

Medium (30–

60%) 

-5% to +10% AI-augmented inspection 

Pilots (Commercial) Low (<15%) Stable / slight 

growth 

Automation systems 

management 

Air Traffic 

Controllers 

Medium-High 

(40–65%) 

-10% to -25% AI-human teaming 

Data Analysts / AI 

Specialists 

Very Low +80% to +120% Upskilling priority 

Cybersecurity 

Professionals 

Very Low +90% to +150% New demand category 

 

8.1 Roles at High Displacement Risk 

Ground-side passenger service roles ,ticketing agents, check-in agents, gate agents ,exhibit the 

highest automation risk profiles within the aviation workforce. These roles are characterised 

by the processing of structured data (itinerary details, identity verification, seat assignments) 

and scripted transactional interactions that fall well within the capability envelope of current 

AI and robotic process automation (RPA) systems. IATA's own workforce projections suggest 

a 35–50% reduction in these roles among its member carriers by 2030, partially offset by the 

growth of air travel demand in developing markets (IATA, 2023). In Southeast Asian markets, 

where aviation employment carries significant social and community prestige, this 

displacement carries political as well as economic weight (Abhayawansa & Guthrie, 2016). 

 

8.2 Pilots and the Long-Term Automation Trajectory 

The pilot workforce presents a paradox: it is simultaneously the most technically visible 

symbol of human expertise in aviation and the role most frequently invoked in public 

discussions of full automation. Current widebody commercial aircraft are already equipped to 
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fly from takeoff to landing under autopilot and autothrottle management, with pilots 

performing supervisory and exception-management functions during automated flight phases. 

However, a credible technical and regulatory pathway to single-pilot commercial operations 

(SPO) ,let alone fully autonomous commercial aviation ,remains distant, with EASA 

projecting that commercial SPO might be technically feasible but socially and regulatorily 

unacceptable before 2035 (EASA, 2022). 

 

The more pressing near-term concern is the global pilot shortage, which IATA estimates will 

reach 80,000 pilots by 2032 absent corrective interventions (IATA, 2023). AI and advanced 

simulation technologies are being applied to accelerate pilot training programmes, with 

adaptive learning platforms that personalise training scenarios to individual student 

performance profiles demonstrating improved competency milestone attainment rates relative 

to traditional fixed-syllabus programmes (FAA, 2023). 

 

8.3 The Emerging Demand for AI-Adjacent Roles 

While displacement risks are real for certain categories, the aviation AI transformation also 

creates substantial new demand for roles that did not exist a decade ago. Data scientists, 

machine learning engineers, AI systems integrators, cybersecurity analysts specialising in 

aviation-specific threat environments, and digital twin simulation specialists are among the 

fastest-growing aviation talent segments (Deloitte, 2022). The challenge for the industry ,and 

particularly for aviation education and training institutions in developing economies ,is 

whether the pipeline of AI-adjacent talent can be developed at the pace required, and whether 

the workers displaced from automatable roles can be reskilled to fill these emerging positions. 

 

9. Governance, Regulation, and Ethical Dimensions 

The governance of AI in aviation spans multiple regulatory levels: international standards 

bodies (ICAO), supranational regulatory agencies (EASA), national authorities (FAA, CAAC, 

DGCA), and industry self-regulatory organisations (IATA, ACI). The fragmentation of this 

regulatory landscape is itself a source of competitive advantage asymmetry: carriers domiciled 

in jurisdictions with mature, well-resourced regulators can more rapidly certify and deploy AI 

systems than those subject to under-resourced or ambiguous regulatory frameworks. 

 

Table 3. AI and automation regulatory landscape by aviation region. Sources: EASA 

(2022); FAA (2023); ICAO (2022); ASEAN (2022). 

 

Region Regulatory 

Body 

AI/Automation 

Policy Status 

Notable Initiatives 

North 

America 

FAA Advanced 

regulatory 

framework 

Remote ID, BEYOND 

programme 

Europe EASA Comprehensive AI 

roadmap (2023) 

U-Space, SESAR JU 

Asia-Pacific CAAC / DGCA 

/ CASA 

Varied; Singapore 

advanced 

ATMX, CANSO initiatives 
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Middle East GCAA / GACA Progressive; UAE 

leading 

Dubai autonomous 

transport 

Southeast Asia CAAS / DCA Emerging 

frameworks 

ASEAN aviation 

masterplan 

Africa AFCAC Early-stage SAATM single market 

 

9.1 EASA's AI Roadmap and the European Framework 

EASA published its first Artificial Intelligence Roadmap in 2020 and an updated version in 

2022, establishing a risk-proportionate approach to AI certification in aviation. The roadmap 

introduced the concept of the 'Learning Assurance' process ,a set of objectives and means of 

compliance specifically tailored for ML-based systems, distinct from the traditional 

deterministic software certification standards of EUROCAS DO-178C/ED-12C (EASA, 

2022). The Learning Assurance framework represents the most developed regulatory guidance 

for aviation AI globally, but critics note that it remains conceptual in key areas, particularly 

regarding how to demonstrate the reliability of data-driven systems that may behave 

unpredictably in out-of-distribution operational scenarios (Dillingham, 2023). 

 

9.2 Algorithmic Accountability and Explainability 

A recurring concern in the AI governance literature is the 'black box' problem: many high-

performance ML models ,particularly deep neural networks ,do not produce human-

interpretable explanations for their outputs. In aviation safety-critical applications, the inability 

to explain why an AI system made a specific recommendation or decision is not merely a 

philosophical inconvenience but a regulatory and liability challenge. Pilots and controllers are 

required to maintain situational awareness and exercise informed judgement; this obligation is 

difficult to fulfil when the AI system's reasoning is opaque (Sheridan & Parasuraman, 2006). 

Explainable AI (XAI) research ,which seeks to develop models that provide interpretable 

justifications for their outputs ,is advancing rapidly in the academic literature (Samek et al., 

2019), but commercial deployment in aviation systems lags the research frontier. This gap 

represents both a regulatory barrier and a human factors risk: if controllers or pilots cannot 

understand or anticipate AI behaviour, their trust in these systems may either be 

inappropriately high (automation bias) or inappropriately low (automation disuse) 

(Parasuraman & Manzey, 2010). 

 

9.3 Cybersecurity and System Resilience 

The digital transformation of aviation creates an expanded attack surface for cyber threats. 

Connected aircraft, cloud-based operational systems, biometric passenger databases, and AI-

driven ATC decision support tools all represent potential vectors for adversarial interference. 

The consequences of a successful cyberattack on aviation AI systems are categorically 

different from those in most other industries: compromised demand forecasting reduces 

revenue; compromised flight management or ATC systems may endanger lives. ICAO's 

Aviation Security Manual (ICAO, 2022) identifies cybersecurity as a top-tier threat, and 

EUROCONTROL's EATM-CERT (European Air Traffic Management Computer Emergency 

Response Team) documented 1,270 cybersecurity incidents in the aviation sector in 2022, a 

530% increase over 2017 figures (Eurocontrol, 2023). 
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AI systems introduce specific cybersecurity concerns beyond conventional IT security: 

adversarial machine learning attacks ,in which carefully crafted inputs are designed to cause 

ML models to produce incorrect outputs ,represent a threat category for which traditional 

cybersecurity defences are not designed. Research by Papernot et al. (2016) demonstrated the 

vulnerability of deep learning classifiers to adversarial perturbations, and while direct attacks 

on operational aviation AI systems have not been publicly documented, the threat exists in 

principle and is actively studied (Dillingham, 2023). 

 

9.4 Equity and Developing Market Contexts 

The IJBS community's particular concern with societal dimensions of business makes the 

equity dimension of aviation AI adoption especially salient. There is a risk that AI-driven 

efficiency gains in aviation accrue disproportionately to carriers and airports in high-income 

countries with mature digital infrastructure, while airlines in developing markets face a 

widening technological capability gap. This 'digital divide' in aviation replicates patterns 

observed in broader digital economy research (World Bank, 2021) and has specific 

implications for ASEAN aviation markets where infrastructure, regulatory capacity, and talent 

availability vary substantially across member states (ASEAN, 2022). 

 

Abhayawansa and Guthrie (2016) noted that human capital investment disclosure in Asian 

firms often lags Western counterparts, suggesting that the workforce development response to 

AI adoption may be similarly underdeveloped. If airlines and airports in developing markets 

cannot invest in the AI-adjacent talent pipeline, they may find themselves dependent on 

foreign technology vendors and consultants ,a form of technological dependency that 

replicates colonial-era economic structures in the digital domain. 

 

10. Synthesis and Conceptual Framework 

The thematic review conducted in this paper reveals a consistent pattern: AI and automation 

in aviation deliver measurable operational and commercial benefits ,reduced delays, lower fuel 

burn, improved maintenance reliability, enhanced passenger satisfaction ,but the distribution 

of these benefits is shaped by Organizational, institutional, and technological mediating factors 

that are neither uniform across the industry nor adequately addressed in the existing regulatory 

frameworks. Drawing on the theoretical lenses introduced in Section 2, the following 

conceptual framework is proposed to structure future empirical inquiry. 

 

Figure 3. Conceptual framework: drivers, mediators, and outcomes of AI adoption in 

aviation. 
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Figure 3. Conceptual Framework: Drivers, Mediators, and Outcomes of AI 

Adoption in Aviation 

EXTERNAL DRIVERS 

[Competitive Pressure]  [Regulatory Push]  [Cost Reduction Imperative]  

[Passenger Expectations] 

↓ 

ORGANIZATIONAL MEDIATORS 

[Digital Maturity]  [Leadership Commitment]  [Workforce Capacity]  [Data 

Infrastructure] 

↓ 

AI/AUTOMATION ADOPTION 

[Operations]  [MRO]  [Passenger Experience]  [ATC]  [Cargo] 

↓ 

OUTCOMES 

[Safety ↑]  [Cost Efficiency ↑]  [Workforce Displacement ↔]  [Environmental 

Impact ↓]  [Passenger Satisfaction ↑] 

Source: Authors' own conceptual model, informed by Lee & Yang (2022); 

Eurocontrol (2023); WEF (2020). 

Source: Authors' own model. 

 

The framework identifies three levels of analysis. At the macro level, external drivers 

,competitive pressure, regulatory push from bodies such as ICAO and EASA, the cost 

reduction imperative in a margin-thin industry, and rising passenger expectations ,create the 

demand environment for AI adoption. At the meso level, Organizational mediators ,digital 

maturity, leadership commitment, workforce capacity, and data infrastructure quality 

,determine whether and how effectively individual carriers, airports, and ANSPs can translate 

this demand into operational capability. At the micro level, specific AI/automation adoption 

decisions are made across the functional domains reviewed in Sections 4–9, with outcomes 

that are simultaneously operational (efficiency, safety), economic (cost, revenue), and societal 

(employment, equity, ethics). 

The framework's most important contribution is its explicit treatment of mediating factors. 

Much of the practitioner literature presents AI adoption outcomes as if they were technology-

determined ,as if deploying a predictive maintenance system will reliably yield a 20% 

reduction in unscheduled maintenance events regardless of the organisation's data quality, 

maintenance culture, or IT integration maturity. The evidence reviewed here does not support 

this technologically deterministic view. The outcomes of AI adoption in aviation are 

contingent on context, and context is shaped by Organizational, institutional, and regional 

factors that vary enormously across the global industry. 

For the IJBS readership specifically, the Southeast Asian context presents several under-

researched mediating conditions. The relatively young age of many ASEAN carrier fleets 

,which carry more modern, data-generating airframes than legacy European or North 

American carriers ,represents a potential data advantage. The rapid growth in passenger 

volumes in the region creates a strong commercial incentive for AI investment in revenue 

management and passenger processing. But these advantages are offset by regulatory 
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fragmentation across ASEAN member states, skills shortages in AI-adjacent disciplines, and 

the capital constraints of many regional carriers that limit their ability to invest in expensive 

AI infrastructure programmes (ASEAN, 2022). 

 

11. Conclusions and Implications 

11.1 Summary of Findings 

This paper has demonstrated that AI and automation are not peripheral technology investments 

in commercial aviation but are transforming the industry's core operational, commercial, and 

safety functions. Predictive maintenance is reducing unscheduled groundings; computer vision 

is augmenting inspection accuracy; dynamic pricing ML systems are improving revenue yield; 

biometric systems are redefining the passenger journey; ATC automation is expanding 

airspace capacity; and AI-driven fuel optimisation is reducing environmental impact. Table 1 

and Table 2, presented earlier in this paper, summarise the current adoption landscape and 

primary technologies involved. 

 

Table 1. AI and automation adoption rates by aviation segment (2023). Sources: IATA 

(2023); SITA (2023); Deloitte (2022); Lee & Yang (2022). 

 

Aviation Segment Primary 

AI/Automation 

Application 

Estimated 

Adoption 

Rate (%) 

Key Reference 

Airline Operations Predictive maintenance, 

scheduling 

68 Lee & Yang, 

2022 

Air Traffic 

Management 

Trajectory optimization, 

conflict detection 

54 Eurocontrol, 2023 

Airport Ground Ops Autonomous vehicles, 

baggage tracking 

47 IATA, 2023 

MRO (Maintenance) Computer vision 

inspection, digital twins 

61 Deloitte, 2022 

Passenger Services Chatbots, facial 

recognition, biometrics 

72 SITA, 2023 

Cargo & Logistics Route optimization, 

demand forecasting 

58 Boeing, 2023 

 

Table 2. Key AI technologies in aviation: maturity and adoption barriers. Sources: 

Authors' synthesis. 

 

Technology Aviation Application Maturity 

Level 

Adoption Barrier 

Machine Learning 

(ML) 

Demand forecasting, 

pricing, delay prediction 

High Data quality, legacy 

IT 

Computer Vision 

(CV) 

Runway FOD detection, 

aircraft inspection 

Medium-

High 

Certification 

requirements 
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Natural Language 

Processing 

Crew communications, 

ATC voice analysis 

Medium Regulatory approval 

Robotic Process 

Automation 

Check-in, ticketing, 

compliance 

documentation 

High Change management 

Digital Twins Aircraft health 

monitoring, airport 

simulation 

Medium Implementation cost 

Autonomous 

Systems 

Ground vehicles, taxiing 

assist, UAM 

Low-

Medium 

Safety certification 

Reinforcement 

Learning 

ATC sequencing, fuel 

optimization 

Low Explainability, trust 

 

11.2 Theoretical Contributions 

The paper makes two theoretical contributions. First, it extends the TOE framework to a 

safety-critical, highly regulated industry context, demonstrating that environmental factors 

,particularly regulatory maturity ,have a particularly strong moderating effect on AI adoption 

outcomes in aviation relative to less-regulated industries. Second, it integrates STS theory with 

institutional theory to explain why AI adoption in aviation is characterised by mimetic and 

normative isomorphism at the technology selection stage but STS-driven divergence at the 

implementation stage, where Organizational culture, human factors, and operational 

procedures shape the actual performance of deployed AI systems. 

 

11.3 Implications for Practice 

For airline executives and aviation leaders, the paper's primary message is that the return on 

AI investment is not guaranteed by the technology itself but is contingent on the organisation's 

capacity to integrate AI systems into its human and operational workflows. The highest-

performing deployments reviewed ,Lufthansa Technik's AVIATAR, Rolls-Royce's 

IntelligentEngine, SESAR's TBO programme ,are characterised not merely by technological 

sophistication but by sustained investment in change management, workforce training, and 

human-machine interface design. 

For regulators, the paper identifies a governance gap between the pace of AI technology 

development and the maturity of certification frameworks. EASA's Learning Assurance 

framework is a promising model, but its conceptual elements need to be translated into 

operational guidance before they can effectively shape industry practice. National aviation 

authorities in developing markets need capacity-building support to develop the regulatory 

expertise required to oversee AI-intensive aviation systems. 

 

11.4 Limitations and Future Research 

This study has several limitations. As a systematic thematic review, it synthesises existing 

evidence rather than generating new empirical data; its conclusions are therefore bounded by 

the quality and coverage of the reviewed literature. The Southeast Asian regional context 

receives attention in several sections but would benefit from dedicated primary research 

,particularly qualitative studies examining how airline managers in ASEAN contexts navigate 
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the institutional, financial, and cultural dimensions of AI adoption decisions. Future research 

should also examine the longitudinal dynamics of AI adoption: whether early-mover 

advantages persist, whether technology leapfrogging is possible for late-adopters, and how the 

workforce consequences of automation evolve over time. 

The conceptual framework proposed in Section 10 is intended to provide a structured 

foundation for such empirical inquiry. Testing its propositions ,particularly the moderating 

roles of regulatory maturity, digital infrastructure quality, and leadership commitment on AI 

adoption outcomes ,represents a productive agenda for future research in the IJBS tradition of 

bridging Organizational and societal analysis. 
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