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Abstract- Advanced flight technology has made aviation 

safer, more capable, and more information-rich, yet it has 

not removed the human factor from accident causation. 

Modern cockpits, avionics suites, automation modes, 

flight management systems, electronic checklists, traffic 

alerting systems, weather products, and data-driven safety 

tools can strengthen pilot performance when they are 

understood and managed properly. However, the same 

technologies can also introduce new forms of complexity: 

mode confusion, automation complacency, data overload, 

alert fatigue, degraded manual-flying proficiency, and 

mismatches between cockpit information and crew mental 

models. This paper develops an integrated human factors 

framework for reducing aviation accidents in technology-

rich operations. The study uses public aviation safety 

evidence, including NTSB accident data availability, 

Kaggle/NTSB-derived accident datasets, FAA 

aeronautical decision-making and instructor guidance, 

IATA 2024 contributing-factor statistics, ICAO 2025 

safety reporting, and Boeing commercial jet accident 

summaries. It then develops a risk-scoring and training-

analytics model that links human factors domains to 

operational phases, advanced technology contexts, and 

competency-based training interventions. Because 

personally identifiable flight-training records are not 

publicly available, the model uses a public-data-informed 

synthetic training observation layer to demonstrate how 

flight schools and operators can transform safety signals 

into non-punitive early-warning interventions. The 

findings show that the highest-priority risk intersections 

arise around approach, landing/go-around, abnormal 

events, automation mode awareness, manual flight-path 

control, SOP discipline, situational awareness, and 

weather-threat management. The paper concludes that 

aviation safety in the advanced technology era should be 

governed through integrated human factors controls, 

data-informed scenario training, safety management 

feedback loops, explainable risk scoring, and recurrent 

training that treats technology as a human-machine team 

member rather than a substitute for disciplined 

airmanship. 

Keywords: Aviation Safety, Human Factors, Automation, 

Aeronautical Decision-Making, Crew Resource 

Management; Safety Management Systems, Predictive 

Training Analytics, Flight Instruction, Risk Management, 

Advanced Flight Technology. 

 

I. INTRODUCTION 

 

Aviation safety is often described as a triumph of 

engineering, regulation, maintenance, 

standardization, and training. This description 

remains accurate, but it is incomplete. The safest 

flight operation is not achieved by technology alone; 

it is achieved when human beings understand the 

operating environment, the aircraft, the automation, 

the procedure, the threat, and their own performance 

limit.  

 

The modern safety challenge is therefore not whether 

technology should be used. The challenge is how 

pilots, instructors, crews, dispatchers, maintainers, 

and safety managers convert technology into 

disciplined operational control. 

 

The title of this paper - preventing the unpredictable - 

deliberately points to a contradiction. Aviation 

accidents often appear unpredictable when viewed at 

the moment of loss of control, runway excursion, 

controlled flight toward terrain, automation surprise, 

unstable approach, or late go-around.  

 

Yet many accident sequences contain earlier signals: 

subtle deviations from SOP, incomplete threat 

briefings, communication gaps, fatigue, mode 

confusion, weather pressure, unstable energy states, 

overreliance on automation, failure to monitor flight 

path, or degraded manual recovery skills. The 

aviation system cannot eliminate uncertainty, but it 
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can reduce surprise by treating human performance 

as a managed safety variable. 

 

Public safety evidence supports the need for this 

approach. FAA guidance on aeronautical decision-

making reports that pilots receiving ADM training 

made statistically fewer judgment errors, with 

reductions ranging from about 10 to 50 percent, and 

cites an operator that experienced a 54 percent 

reduction in accident rate after incorporating ADM 

materials into recurrent training (FAA, 2024).  

 

FAA instructor guidance further states that many 

aviation accidents involve poor risk-management 

decisions and that risk management is one of the 

most important skills a pilot must learn, understand, 

and practice as a habit (FAA, 2018). These 

statements align with modern safety-management 

thinking: the accident is rarely the first risk signal; it 

is usually the last visible failure in a chain of hazards, 

decisions, latent conditions, and controls. 

 

This paper develops a practical framework for 

aviation safety in the era of advanced flight 

technology. The framework integrates aeronautical 

decision-making (ADM), crew resource management 

(CRM), single-pilot resource management (SRM), 

threat and error management (TEM), automation 

mode awareness, manual reversion competence, SOP 

discipline, instructor-led scenario design, data-driven 

risk scoring, and safety management system (SMS) 

feedback loops. 

 

 It is especially relevant to flight schools, Part 141 

and Part 61 training environments, advanced 

instrument training, multi-engine operations, airline 

cadet pipelines, and general aviation operators 

adopting increasingly sophisticated cockpit 

technology. 

 

Question Research focus 

RQ1 Which human-factor-adjacent 

contributors appear most prominent in 

recent public aviation safety data? 

RQ2 Which combinations of human factors 

domains and operational phases 

generate the highest training priority? 

RQ3 How can flight schools and operators 

use predictive training analytics without 

creating punitive safety cultures? 

RQ4 What integrated framework can 

translate advanced flight technology 

into accident prevention rather than new 

complexity? 

 

II.LITERATURE REVIEW AND CONCEPTUAL 

BASIS 

 

2.1 Human factors as the persistent safety layer 

Human factors research in aviation recognizes that 

accidents emerge from interactions among people, 

procedures, equipment, organizations, environments, 

and time pressure. The human factor is not simply a 

weakness; it is also aviation's adaptive safety layer.  

 

A well-trained pilot detects unexpected threats, cross-

checks automation, challenges assumptions, applies 

procedural discipline, communicates uncertainty, and 

executes timely go-arounds or abnormal procedures. 

Therefore, a modern human factors framework must 

strengthen both prevention and recovery. 

 

The FAA's ADM and risk-management guidance 

remain central because it converts accident 

prevention from a personality trait into a teachable 

process. ADM training emphasizes risk recognition, 

systematic decision-making, resource use, 

communication, workload management, and 

countermeasures against hazardous attitudes.  

 

Instructor guidance extends this logic into scenario-

based training, where learners are placed in realistic 

operational contexts and required to make decisions 

rather than merely execute maneuvers. 

 

2.2 Advanced flight technology and the automation 

paradox 

Advanced cockpit technology can reduce workload, 

increase navigation precision, improve weather 

awareness, support traffic detection, and preserve 

flight data. Yet technology also shifts risk from raw 

aircraft control to human-machine coordination.  

 

Automation can hide developing energy problems, 

create mode surprises, or produce overconfidence 

when pilots monitor screens rather than aircraft state. 

The safety question is not whether pilots have 
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technology, but whether they understand what the 

technology is doing, what it is not doing, and when to 

intervene manually. 

 

This issue is especially important in instrument and 

multi-engine training. IFR operations require precise 

workload management, instrument scan, procedure 

compliance, clearance interpretation, missed-

approach readiness, weather judgment, and lost-

communication planning. 

 

 Multi-engine aircraft add asymmetric thrust, Vmc 

awareness, engine-out decision-making, weight and 

performance constraints, and accelerated workload. 

Advanced avionics can help, but they do not replace 

mastery of energy, configuration, pitch, power, 

navigation, communication, and task prioritization. 

 

2.3 Risk governance, analytics, and internal controls 

Aviation safety has strong parallels with enterprise 

risk governance. Mupa and co-authors argue that 

proactive risk management requires integrated 

controls, ethical processes, compliance awareness, 

and alignment between oversight and operational 

practice (Netshifhefhe et al., 2024). 

 

 In a cockpit and training environment, the same 

governance logic applies: policies and checklists 

must be embedded into behavior, observation, 

feedback, and recurrent learning. 

 

Recent work on AI-enabled risk management further 

supports the use of predictive analytics, transparency, 

monitoring, and governance in high-stakes 

environments (Aror and Mupa, 2025). In audit 

planning, Homwe et al. (2025) show that 

interpretable machine-learning risk scoring, heat 

maps, and feature importance can improve risk 

identification while also requiring attention to recall, 

false positives, and governance.  

 

This paper applies the same principle to aviation 

training: predictive analytics should identify safety-

relevant learning gaps early, but the model must 

remain explainable, non-punitive, and subordinate to 

instructor judgment and SMS governance. 

 

Mupa's related work on UAV/GNSS data integration 

and UAV-based infrastructure inspection also 

demonstrates the broader relevance of aviation-

adjacent data systems, advanced flight technology, 

autonomous mission planning, data capture, and 

operational monitoring in complex environments (Al-

Bakri et al., 2025; Hashim et al., 2024).  

 

Those themes strengthen the argument that modern 

aviation safety requires both technology and human-

centered governance. 

 

III. DATA SOURCES AND METHODOLOGY 

 

3.1 Public data sources 

Source Public evidence 

used 

Role in analysis 

NTSB 

Aviation 

Accident 

Data 

Civil aviation 

accidents and 

selected 

incidents from 

1962 to present; 

downloadable 

datasets from 

1962-1981 and 

1982-present. 

Primary public 

accident data 

foundation for 

U.S. civil aviation 

safety context. 

Kaggle 

NTSB-

derived 

aviation 

datasets 

NTSB-derived 

accident datasets, 

including a 

dataset described 

as covering 1962 

to 2023. 

Accessible data-

science source for 

reproducible 

aviation accident 

analytics and 

teaching 

demonstrations. 

FAA Pilot 

and 

Instructor 

Handbooks 

ADM, risk 

management, 

scenario-based 

instruction, and 

practical risk-

management 

teaching 

principles. 

Regulatory and 

instructional basis 

for competency-

based intervention 

design. 

IATA 

Annual 

Safety 

Report 2024 

Contributing 

factors to 2024 

accidents 

including manual 

handling, SOP 

non-compliance, 

crew response, 

situational 

awareness, 

Human-factor-

adjacent factor 

calibration for 

risk domains. 
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unstable 

approach, 

weather, and 

SMS issues. 

IATA 2025 

Safety 

Report 

release 

Regional 2025 

accident-rate 

signals, 

including 

runway 

excursions, 

ground damage, 

tail strikes, 

turboprop 

vulnerabilities, 

and fatality-risk 

changes. 

Current operating 

context and 

persistence of 

operational risk. 

ICAO 2025 

Safety 

Report 

2024 fatal 

accident and 

fatality 

distributions by 

occurrence 

category; LOC-I 

and bird strike 

dominated 

fatality share. 

Global scheduled 

commercial safety 

context. 

Boeing 

Statistical 

Summary 

Annual statistical 

analysis of 

worldwide 

commercial jet 

airplane 

accidents, 

published for 

industry trend 

identification. 

Commercial jet 

safety trend 

context and 

taxonomy 

alignment. 

 

The paper uses a secondary-data and model-

development design. The public-data layer supplies 

aggregate safety signals and official aviation safety 

concepts. The analytics layer translates those signals 

into human factors domains, operational phases, 

training competencies, and intervention priorities.  

 

The training analytics layer uses a synthetic 

observation dataset to demonstrate how a flight 

school or operator could build a predictive early-

warning system when real student or crew records are 

available. This synthetic layer is necessary because 

actual student lesson records, checkride debriefs, 

instructor comments, simulator deficiencies, and 

safety reports are privacy-sensitive and not publicly 

available. 

 

The synthetic training layer is not presented as 

historical accident data. It is an analytical 

demonstration calibrated to public safety signals: 

manual handling and flight-control errors, SOP non-

compliance, situational awareness, crew response, 

flight path management, weather threats, and 

inadequate SMS. This distinction is important.  

 

Public accident statistics reveal what the system must 

learn from; private training records reveal where 

individual pilots and programs need intervention. The 

model proposed here is therefore a template for 

implementation rather than a claim that publicly 

available accident data alone can predict a specific 

student's next error. 

 

Factor Percent 

Manual handling & flight-control errors 39% 

Crew response & situational awareness 37% 

Flight-path management - manual 

control 

37% 

SOP non-compliance 35% 

Situation awareness / management of 

information 

35% 

Flight operations: SOPs, checking & 

training 

28% 

Abrupt aircraft control 26% 

Continued landing after unstable 

approach 

26% 

Aircraft malfunction 22% 

Adverse weather 22% 

Inadequate safety management system 13% 
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Figure 1. IATA 2024 accident contributing factors 

relevant to human factors, training, SOP discipline, 

situation awareness, and flight-path management. 

Source: author visualization from IATA Annual 

Safety Report 2024. 

  

 
Figure 2. ICAO 2024 fatality distribution by 

occurrence category for scheduled commercial 

operations. Source: author visualization from ICAO 

Safety Report 2025. 

 

3.2 Analytical model 

The first analytical step maps public safety signals 

into ten human factors domains: ADM/risk 

management, CRM/communication, automation 

mode awareness, manual flight-path control, SOP 

discipline, situational awareness, weather/TEM, 

maintenance/technical interface, training/checking, 

and SMS feedback. These domains reflect the 

interaction between human cognition, procedural 

behavior, technology management, training design, 

and organizational learning. 

 

The second step maps each domain across six 

operational phases: preflight, taxi/takeoff, 

climb/cruise, approach, landing/go-around, and 

abnormal/emergency operations. Risk scores are 

normalized on a 0-100 scale using a severity-

probability-detectability logic. Higher scores indicate 

intersections where training and monitoring should 

be more intensive. The matrix is not a replacement 

for formal safety analysis; it is a decision-support 

artifact for prioritizing instructional attention. 

 

The third step builds a training priority matrix that 

connects competencies to the flight-training lifecycle. 

The competencies include threat briefing, automation 

callouts, manual reversion, unstable approach 

response, missed approach discipline, abnormal 

checklist use, crew challenge/response, and 

fatigue/time-pressure management. The purpose is to 

ensure that technology-rich aviation safety is taught 

progressively rather than left to advanced training or 

recurrent events alone. 

  

 
Figure 3. Human factors risk heat map by operational 

phase. Scores are normalized decision-support scores 

derived from public safety factors and aviation 

training logic. 

  

 

 
Figure 4. Competency-based intervention priority 

matrix by training stage. Higher values indicate 

training topics requiring stronger scenario-based 

repetition and instructor feedback. 
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3.3 Synthetic training analytics layer 

Element Specification 

Unit of analysis One training observation or 

simulator/lesson event. 

Sample size 2,500 synthetic observations 

generated for model 

demonstration. 

Predictors Weather complexity, automation 

surprise, workload, SOP 

deviations, communication 

quality, ADM score, recent IFR 

hours, manual reversion score, 

unstable approach, night/IMC, 

crosswind/gust, fatigue/time 

pressure. 

Outcome High-risk training event: an 

observation requiring targeted 

safety intervention, not a punitive 

disciplinary label. 

Models tested Logistic regression, random 

forest, and gradient boosting. 

Evaluation 

metrics 

AUC, precision, recall, F1 score, 

confusion matrix, feature 

importance, and risk-tier 

distribution. 

Governance 

rule 

Use only for coaching, early 

intervention, curriculum 

improvement, and SMS learning; 

not for automatic failure, 

discipline, or reputational 

labeling. 

 

The predictive layer demonstrates how human factors 

data could be converted into an early-warning 

system. The model is intentionally explainable: the 

output is not simply a risk probability, but a set of 

observable drivers. Instructors and safety managers 

should be able to see whether risk is being driven by 

unstable approaches, automation surprise, poor 

communication, low recent IFR exposure, high 

weather complexity, SOP deviations, fatigue, or weak 

manual reversion skills. 

 

The ethical design principle is non-punitive learning. 

A high-risk score should trigger additional scenario 

practice, a briefing, mentor review, targeted ground 

instruction, or supervised repetition. It should not 

automatically trigger a negative employment decision 

or stigmatize the pilot. The model therefore supports 

a just culture: it separates honest learning gaps and 

system weaknesses from reckless behavior. 

 

IV. RESULTS AND ANALYTICAL FINDINGS 

 

4.1 Public accident-safety signals 

The IATA factor distribution indicates that 2024 

accidents were not dominated by one isolated cause. 

Manual handling and flight-control errors were cited 

in 39 percent of accidents, crew response and 

situational awareness in 37 percent, flight-path 

management/manual control in 37 percent, SOP non-

compliance in 35 percent, and situation 

awareness/management of information in 35 percent.  

 

Flight operations factors involving SOPs, checking, 

and training were cited in 28 percent of accidents, 

while abrupt aircraft control and continued landing 

after unstable approach were each cited in 26 percent. 

This pattern supports an integrated rather than single-

factor safety strategy. 

 

The ICAO fatality distribution adds a severity 

dimension. In 2024 scheduled commercial 

operations, ICAO reported that over 80 percent of 

fatalities resulted from accidents related to loss of 

control-inflight and bird strikes. This does not mean 

every training program should focus only on those 

categories.  

 

It means that high-consequence categories require 

special attention to flight path control, energy 

management, startle response, abnormal recognition, 

monitoring, go-around discipline, and resilience 

under unexpected events. 

 

4.2 Operational phase risk matrix 

The human factors heat map identifies three 

particularly sensitive operational zones: approach, 

landing/go-around, and abnormal/emergency 

operations. These zones concentrate time pressure, 

configuration changes, communication, automation 

transitions, weather impacts, task saturation, and 

decision points.  

 

The approach and landing phases are also where 

unstable approaches, continued landings, runway 

excursions, missed go-around opportunities, 
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automation overreliance, and manual handling issues 

become operationally visible. 

 

The highest modeled scores appear in manual flight-

path control during landing/go-around, situational 

awareness during abnormal/emergency operations, 

automation mode awareness during 

abnormal/emergency operations, SOP discipline 

during landing/go-around, and unstable approach-

related competencies in instrument and multi-engine 

stages. 

 

 These findings support the view that advanced 

technology training should not be treated as avionics 

familiarization only. It must be embedded into full 

operational scenarios that include mode transitions, 

unexpected alerts, weather changes, ATC 

amendments, checklist discipline, and go/no-go 

decisions. 

 

4.3 Predictive training analytics demonstration 

Model AUC Threshold Precision Recall F1 TN FP FN TP 

Logistic regression 0.859 0.390 0.663 0.500 0.570 612 28 55 55 

Random forest 0.830 0.570 0.560 0.509 0.533 596 44 54 56 

Gradient boosting 0.826 0.290 0.523 0.518 0.521 588 52 53 57 

 

 
Figure 5. Correlation heat map from the public-data-

informed synthetic training observation dataset. 

  

Figure 6. ROC curves for illustrative predictive 

models identifying high-risk training events. 

  

 
Figure 7. Confusion matrix for the best-performing 

illustrative model (Logistic regression). 
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Figure 8. Feature importance for the best-performing 

illustrative model (Logistic regression). 

  

 
Figure 9. Risk-tier distribution for coaching and 

intervention triage. 

 

The model comparison demonstrates that a structured 

safety dataset can support useful early-warning 

analytics. The purpose is not to replace flight 

instructors; it is to give instructors a more consistent 

view of risk patterns across lessons, stages, aircraft 

types, weather exposures, and student progression. In 

the demonstration, variables linked to automation 

surprise, unstable approach, SOP deviations, 

fatigue/time pressure, weather complexity, low recent 

IFR exposure, weak manual reversion, and 

communication quality carry substantial explanatory 

value. 

 

The confusion matrix and ROC analysis also show 

why governance matters. A model with strong AUC 

can still produce false positives and false negatives. 

False positives may lead to unnecessary remedial 

training or student anxiety; false negatives may miss 

emerging safety patterns. Therefore, the risk score 

should be combined with instructor judgment, 

narrative debriefing, trend review, and SMS 

safeguards. The correct use is not automatic 

punishment, but targeted coaching. 

 

V. INTEGRATED HUMAN FACTORS RISK 

ASSESSMENT MODEL [IHFRAM] 

  

 
Figure 10. Integrated human factors safety 

architecture for technology-rich aviation operations. 

 

The proposed framework has seven linked 

components. First, the system imports public accident 

and safety signals from NTSB, IATA, ICAO, Boeing, 

FAA, and industry learning sources. Second, it 

classifies these signals using a human factors 

taxonomy that includes ADM, CRM, automation 

management, manual control, SOP discipline, 

situational awareness, weather/TEM, technical 

interface, training/checking, and SMS feedback.  

 

Third, it connects the taxonomy to training records 

and simulator observations. Fourth, it applies 

predictive analytics to detect risk patterns. Fifth, it 

converts risk patterns into scenario-based training 

modules. Sixth, it applies non-punitive coaching 

interventions. Seventh, it sends results back into SMS 

monitoring so that instructors, safety managers, and 

program leaders revise curriculum, standards, and 

oversight. 

 

The architecture treats flight technology as an 

operational partner requiring active management. A 

glass cockpit, GPS navigator, autopilot, electronic 

flight bag, datalink weather tool, alerting system, or 

traffic display should not be framed as a device that 

removes human risk. It should be framed as a system 

that changes the risk profile. The pilot must know 

when to trust it, when to verify it, when to disregard 

it, when to revert manually, and how to communicate 

uncertainty. 
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Human factors 

control 

Required 

practice 

Training 

artifact 

Human factors 

control 

Required 

practice 

Training 

artifact 

ADM/risk 

management 

Use structured 

go/no-go, 

continue/divert

, and 

approach/landi

ng decision 

gates. 

Risk briefing 

card; 

preflight risk 

score; post-

flight 

decision 

review. 

Automation mode 

awareness 

Require verbal 

mode callouts, 

cross-checks, 

and manual 

reversion 

practice. 

Mode-

awareness 

checklist; 

automation 

surprise 

scenarios. 

Manual flight-path 

control 

Preserve hand-

flying 

proficiency 

under 

instrument, 

crosswind, 

partial-panel, 

and abnormal 

contexts. 

Manual 

reversion 

drills; upset 

prevention 

and recovery 

exercises. 

SOP discipline Track 

deviations, 

normalize 

challenge-and-

response, and 

rehearse 

discontinued 

approaches. 

SOP 

deviation 

log; go-

around 

trigger 

matrix. 

CRM/communicati

on 

Train assertive 

communicatio

n, workload 

sharing, 

uncertainty 

communicatio

n, and closed-

loop 

commands. 

Crew 

communicati

on rubric; 

single-pilot 

SRM 

adaptation. 

SMS feedback Convert de-

identified 

training trends 

into 

curriculum 

Monthly heat 

map; risk 

dashboard; 

safety action 

register. 

revision and 

safety 

meetings. 

 

VI. IMPLEMENTATION ROADMAP 

 

Phase Core actions Outputs 

Phase 1: 

Baseline 

Collect de-identified 

lesson records, 

checkride outcomes, 

safety reports, 

simulator grades, 

weather exposure, 

aircraft type, 

avionics 

configuration, and 

instructor comments. 

Data 

dictionary; 

privacy 

protocol; 

baseline risk 

heat map. 

Phase 2: 

Taxonomy 

Map observations to 

ADM, CRM, 

automation, manual 

control, SOP, 

situational 

awareness, 

weather/TEM, and 

SMS domains. 

Human 

factors 

coding 

manual; 

instructor 

calibration 

guide. 

Phase 3: 

Analytics 

Build risk 

dashboards, 

correlation heat 

maps, feature 

importance 

summaries, and 

tiered intervention 

triggers. 

Risk scoring 

dashboard; 

intervention 

thresholds; 

model card. 

Phase 4: 

Training 

design 

Create scenario 

modules for unstable 

approach, 

automation surprise, 

missed approach, 

engine abnormality, 

weather diversion, 

and lost-

communication 

events. 

Scenario 

bank; 

grading 

rubric; 

remedial 

lesson 

templates. 

Phase 5: 

Governance 

Review false 

positives/negatives, 

instructor bias, 

student privacy, 

safety culture, and 

SMS review 

minutes; 

corrective 

action 

register; 
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intervention 

outcomes monthly. 

curriculum 

revision log. 

Phase 6: 

Dissemination 

Publish non-

confidential 

findings, safety 

briefs, instructor 

guides, and recurrent 

training notes. 

White 

paper; 

safety 

bulletin; 

training 

standards 

manual. 

 

Implementation should begin with a narrow pilot 

program rather than a full institutional rollout. A 

flight school could select one training track, such as 

instrument or multi-engine training, and collect de-

identified observations for three to six months. 

Instructors would code lesson events using a shared 

rubric. The safety team would generate monthly heat 

maps and review whether patterns align with 

instructor judgment and checkride outcomes. Only 

after calibration should the system be expanded 

across programs. 

 

The framework should also include a model card for 

every predictive tool. The model card should state the 

data used, intended purpose, excluded purposes, 

performance metrics, known limitations, fairness 

considerations, review schedule, and human override 

procedure. In aviation safety, a black-box model is 

itself a hazard if it is not explainable to the instructors 

and safety managers who must act on its output. 

 

VII. DISCUSSION 

 

The central finding is that advanced flight technology 

does not eliminate human factors; it changes their 

expression. In older aircraft, a pilot might have been 

overloaded by navigation, communication, and 

aircraft control tasks. In advanced aircraft, the pilot 

may be overloaded by mode states, data 

interpretation, alert hierarchy, automation 

expectations, and the need to decide when to take 

manual control. Both situations are human factors 

problems, but the training response differs. 

 

The data also show why aviation training must move 

beyond maneuver completion. A student can execute 

an approach to standards under stable conditions and 

still lack the decision discipline to discontinue an 

unstable approach. A pilot can operate an autopilot 

competently on a normal day and still fail to 

recognize a wrong mode or unexpected flight path.  

 

A crew can complete a checklist and still miss a 

shared mental-model failure. Therefore, training 

metrics must include threat recognition, decision 

timing, communication, monitoring, and recovery 

behavior. 

 

The proposed framework has particular value for Part 

141 and Part 61 training environments. Part 141 

programs often have structured syllabi and stage 

checks, which makes data collection and trend 

analysis easier. Part 61 environments may be less 

standardized, but a simplified version of the 

framework can still support instructor consistency 

and student safety. In both cases, the goal is not 

bureaucratic burden; it is disciplined learning from 

weak signals before they become accidents. 

 

This paper also aligns with risk-management 

scholarship beyond aviation. Mupa and co-authors' 

work on integrated internal auditing, compliance, AI-

enabled risk management, and interpretable risk 

scoring supports the conclusion that high-stakes 

systems need proactive controls, transparent 

analytics, and feedback loops rather than reactive 

investigation alone. Aviation safety can benefit from 

this governance logic as long as the analytical tools 

are adapted to cockpit realities and just-culture 

principles. 

 

VIII. LIMITATIONS 

 

First, the paper uses public aggregate statistics and a 

synthetic training observation layer rather than 

proprietary student or operator records. The model 

performance results therefore demonstrate feasibility 

and analytical design, not validated predictive 

accuracy in a specific flight school or airline. 

 

Second, public accident datasets often contain 

missing values, inconsistent categories, delayed 

updates, and investigation-specific coding 

differences. Accident databases are excellent for 

safety learning, but they must be cleaned carefully 

before predictive use. 
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Third, factor percentages from IATA and occurrence 

categories from ICAO describe different populations 

and classification systems. They should not be 

merged mechanically as if they were one uniform 

dataset. This paper uses them as complementary 

safety signals. 

 

Fourth, predictive training analytics may create 

perverse incentives if misused. Students may conceal 

errors, instructors may under-report deficiencies, or 

managers may convert coaching tools into 

disciplinary instruments. The framework therefore 

requires a non-punitive safety culture and explicit 

governance. 

 

Fifth, human factors are context-dependent. Weather, 

airspace, aircraft type, instructor quality, avionics 

configuration, student background, language 

proficiency, fatigue, organizational pressure, and 

maintenance reliability may all influence outcomes. 

Local calibration is essential. 

 

IX. RECOMMENDATIONS 

 

• Adopt human-factors heat maps as a routine 

safety dashboard for instrument, commercial, 

multi-engine, and recurrent training programs. 

• Require automation mode-awareness callouts and 

manual reversion exercises in every advanced 

avionics syllabus. 

• Treat unstable approach and late go-around 

decision-making as core human factors 

competencies, not merely aircraft-control 

maneuvers. 

• Use de-identified training analytics to identify 

patterns in SOP deviations, communication 

quality, ADM scores, workload, weather 

complexity, and automation surprise. 

• Implement model cards and governance reviews 

for any predictive safety analytics system. 

• Use a just-culture approach: high-risk scores 

should trigger coaching, additional scenarios, and 

curriculum review rather than automatic 

punishment. 

• Publish non-confidential lessons learned so that 

smaller flight schools and general aviation 

communities can benefit from data-driven safety 

practices. 

 

X. CONCLUSION 

 

The aviation system has achieved extraordinary 

safety gains through engineering, regulation, training, 

standardization, and investigation. However, the next 

frontier of accident reduction requires deeper 

integration of human factors with advanced flight 

technology. The central lesson is clear: technology 

improves safety only when pilots and organizations 

manage the human-machine interface with discipline. 

 

This paper contributes an integrated human factors 

framework that converts public accident evidence, 

FAA training principles, IATA and ICAO safety 

statistics, and risk-governance scholarship into a 

practical training and safety architecture. 

 

 The framework identifies high-risk intersections 

around approach, landing/go-around, abnormal 

events, automation mode awareness, manual flight-

path control, SOP discipline, situational awareness, 

and weather/TEM. It also demonstrates how 

predictive training analytics can be used ethically to 

support early intervention. 

 

Preventing the unpredictable does not mean 

pretending that aviation can remove uncertainty. It 

means building a system that detects weak signals 

earlier, trains pilots to manage surprise, preserves 

manual and cognitive resilience, uses technology 

intelligently, and learns continuously before small 

deviations become fatal chains. 

 

 In the era of advanced flight technology, the safest 

cockpit is not the most automated cockpit. It is the 

cockpit where humans and technology are governed 

as one disciplined safety system. 

 

Appendix A. Synthetic Training Observation 

Variables 

Variable Meaning 

weather_complexity 1-5 ordinal score 

reflecting IMC, 

convective weather, 

turbulence, crosswind, 

and visibility challenges. 

automation_surprise 0-5 score for unexpected 

mode, alert, 
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navigator/autopilot 

mismatch, or automation 

confusion. 

workload 1-5 score for task 

saturation, ATC 

complexity, airspace 

density, and time 

pressure. 

sop_deviation_count Count of deviations from 

checklist, callout, 

briefing, configuration, or 

stabilized-approach 

standard. 

communication_quality 1-5 score for closed-loop 

communication, 

challenge-response, 

uncertainty sharing, and 

briefing quality. 

adm_score 1-5 score for structured 

decision-making, risk 

recognition, and timely 

mitigation. 

recent_ifr_hours Recent instrument 

exposure as a proxy for 

procedural currency. 

manual_reversion_score 1-5 score for ability to 

disconnect automation 

and maintain safe flight 

path manually. 

unstable_approach Binary flag for energy, 

path, configuration, 

speed, or sink-rate 

instability. 

night_or_imc Binary flag for night or 

instrument meteorological 

conditions. 

crosswind_gust Binary flag for 

crosswind/gust exposure. 

fatigue_time_pressure 0-5 score reflecting 

fatigue, schedule 

pressure, or perceived 

external pressure. 

 

Appendix B. Suggested Scenario Bank 

Scenario Hazard cue Competency trained 

Automation 

surprise on 

RNAV approach 

Mode 

confusion 

after 

Mode callout, 

verify flight path, 

disconnect if 

altitude 

constraint 

or wrong 

lateral 

mode. 

needed, missed 

approach decision. 

Unstable 

approach with 

external 

pressure 

Student 

continues 

despite 

high/fast 

profile and 

runway 

made late. 

Stabilized criteria, 

go-around trigger, 

instructor 

intervention 

threshold. 

Multi-engine 

abnormal after 

takeoff 

Engine 

roughness 

or 

simulated 

failure at 

high 

workload. 

Pitch/power/control

, checklist 

discipline, 

communication, 

performance 

decision. 

Datalink 

weather 

misinterpretatio

n 

Delayed 

weather 

image 

creates 

false 

confidence

. 

Weather source 

limitations, 

diversion decision, 

conservative TEM. 

Lost 

communication 

in IMC 

Radio 

failure 

during IFR 

flight or 

approach 

clearance 

ambiguity. 

AIM/FAA 

procedure 

knowledge, 

route/altitude logic, 

workload 

management. 

Night crosswind 

landing 

Gusty 

crosswind, 

fatigue, 

high 

workload, 

automation 

disconnect. 

Manual control, 

stable approach, go-

around discipline, 

fatigue self-

assessment. 
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