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Abstract 

This article examines a transformative initiative implementing machine learning-backed 

transparency in aviation pilot scheduling systems. By addressing the traditionally opaque nature 

of scheduling decisions, the project fundamentally altered the relationship between flight crews 

and administrative processes. The initiative exposed the underlying logic of trade approval 

decisions, translating complex algorithmic determinations into comprehensible explanations at the 

intersection of explainable artificial intelligence (XAI) and procedural justice theory. Through a 

multi-phase implementation approach involving cross-functional collaboration, interpretable 

scoring models, and intuitive user interfaces, the system provided pilots with meaningful insights 

into both approved and rejected trade requests. This transparency not only demystified the 

scheduling process but also significantly reduced helpdesk queries, increased trust in the system, 

enabled more strategic trade requests, and transformed a source of friction into an opportunity for 

organizational learning. The article demonstrates how technological transparency can 

simultaneously enhance operational efficiency and foster workplace equity in high-pressure 

professional environments. 
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Introduction 

The aviation industry operates within a complex web of scheduling constraints, regulatory 

requirements, and operational necessities. Airline pilots, as key stakeholders in this ecosystem, 

frequently engage with scheduling systems to request trades or awards that better align with their 

personal needs while maintaining operational integrity. Historically, these systems have 

functioned as opaque decision-makers, providing binary outcomes without explanatory context. 

This paper examines a transformative initiative that implemented machine learning-backed 

transparency into pilot scheduling systems, fundamentally altering the relationship between flight 

crews and administrative processes. 

The opacity of traditional scheduling systems created significant challenges: pilots experienced 

frustration when trade requests were denied without explanation, administrative staff faced a 

barrage of clarification requests, and an atmosphere of perceived inequity pervaded the scheduling 

process. Research by Nagarajan et al. indicates that 67% of aviation professionals report 

dissatisfaction with algorithmic decision-making when explanations are not provided, contributing 

to workplace tension and decreased operational efficiency [1]. This initiative addressed these 

challenges by exposing the scoring logic behind trade approval decisions, effectively translating 

complex algorithmic determinations into comprehensible explanations. 

The implementation of transparent scheduling systems aligns with emerging research on XAI 

(Explainable Artificial Intelligence) in aviation contexts, where safety-critical decisions require 

both accuracy and interpretability. According to Nagarajan et al., aerospace applications of XAI 

have demonstrated a 43% improvement in user acceptance and a 38% reduction in error reporting 

when explanatory mechanisms are integrated into decision systems. Their study of 342 aerospace 

professionals revealed that explanatory interfaces reduced troubleshooting time by approximately 

27% across multiple operational contexts [1]. 

The educational implications of transparent systems extend beyond immediate operational 

benefits. As noted by Hoffman et al., collegiate aviation programs are increasingly incorporating 

AI transparency principles into their curricula, with 78% of surveyed aviation education programs 

planning to include explainable AI modules by 2025. Their research indicates that students 

exposed to transparent AI systems demonstrate 34% higher problem-solving capabilities when 

addressing complex scheduling scenarios [2]. 

This paradigm shift not only improved operational metrics but also enhanced the experiential 

reality of pilots navigating scheduling systems, demonstrating how technological transparency can 

foster workplace equity in high-pressure professional environments. The integration of explainable 

AI in scheduling systems represents a significant advancement in aviation human factors, with 

Hoffman et al. reporting that transparent systems reduce cognitive load by approximately 22% 

during high-stress operational decision-making. Their analysis of six major carriers implementing 
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transparent scheduling showed a collective reduction of 14,500 monthly helpdesk inquiries and an 

estimated $3.2 million in annual operational savings [2]. 

Context and Challenge Analysis 

Commercial aviation scheduling represents one of the most complex resource allocation problems 

in modern industry. Pilot scheduling must balance regulatory compliance (including strict flight 

time limitations, required rest periods, and qualification requirements), operational needs (aircraft 

coverage and route efficiency), and individual preferences (desired routes, time off requests, and 

quality of life considerations). The complexity of these systems is magnified by their impact on 

both operational costs and employee satisfaction, creating a multifaceted challenge for airlines. 

Traditionally, scheduling systems employed sophisticated algorithms that produced decisions 

without providing insight into their reasoning. 

This opacity created several interconnected problems. First, pilots experiencing multiple rejections 

without understanding why developed perceptions of systemic unfairness, believing that either the 

system was flawed or that favoritism influenced outcomes. This perception aligns with broader 

findings regarding fairness in aviation contexts. According to Al-Refaie et al., perceived fairness 

strongly correlates with customer satisfaction in airline contexts, with their study of 384 travelers 

showing that perceived value explains approximately 59.4% of the variance in customer 

satisfaction and 47.8% of perceived price fairness [3]. Though focused on passengers rather than 

pilots, this research demonstrates how perceptions of fairness significantly impact stakeholder 

relationships in aviation, suggesting similar dynamics likely affect employee-employer 

relationships when scheduling decisions lack transparency. 

Second, these perceptions generated a substantial administrative burden as pilots submitted tickets 

requesting manual review and explanation of denied trade requests. The operational costs 

associated with these administrative inefficiencies compound already significant airport 

operational expenses. Wu and Caves documented that direct operating costs for a B737 aircraft 

amount to approximately $3,835 per block hour, with crew costs accounting for roughly 13% of 

this figure [4]. Their research demonstrated that inefficient turnaround processes, which include 

crew scheduling challenges, directly impact these costs. Their findings indicated that a 10-minute 

reduction in turnaround time could generate savings of about $14.5 million annually for an airline 

operating 45 B737 aircraft with seven rotations per day [4]. This underscores the financial impact 

of scheduling inefficiencies, including those caused by opaque decision systems that generate 

administrative backlogs. 

Third, the combination of frustration and helplessness contributed to diminished workforce morale 

and engagement. The situation exemplified how even technically sound systems can generate 

adverse outcomes when they lack transparent communication mechanisms. As Al-Refaie et al. 

noted in their study of aviation service perceptions, communication quality significantly impacts 

satisfaction metrics, with their path coefficient analysis showing that information clarity explained 



International Journal of Computing and Engineering  

ISSN 2958-7425 (online)    

Vol. 7, Issue No. 7, pp. 53 - 64, 2025                                                 www.carijournals.org  

56 
 

    

41.2% of variance in perceived value [3]. When applied to internal scheduling systems, this 

suggests that improving transparency in scheduling algorithms could significantly enhance pilot 

satisfaction with outcomes, regardless of whether trade requests are approved or denied. 

The financial implications of these workforce engagement issues are substantial when considered 

alongside Wu and Caves' findings that efficient crew utilization can impact up to 24% of an 

airline's indirect operating costs, which average $4,730 per block hour for narrowbody aircraft [4]. 

Their analysis of turnaround efficiency highlighted that crew-related delays account for 

approximately 12% of all schedule disruptions, making crew satisfaction and efficient scheduling 

crucial operational considerations with direct bottom-line impact. 

Table 1: The Economic Impact of Crew Scheduling Transparency on Airline Operations 

[3, 4] 

Factor Metric Value 

Perceived Value Contribution to Satisfaction 59.4% 

Perceived Value Contribution to Price Fairness 47.8% 

Information Clarity Contribution to Perceived Value 41.2% 

Crew Costs as Percentage of Direct Operating Costs 13.0% 

Crew Impact on Indirect Operating Costs 24.0% 

Crew-Related Delays as Percentage of All Delays 12.0% 

 

Theoretical Framework: Explainable AI and Procedural Justice 

The initiative described in this paper operates at the intersection of two theoretical domains: 

explainable artificial intelligence (XAI) and procedural justice. Explainable AI refers to methods 

and techniques that enable human users to understand and appropriately trust the results produced 

by machine learning algorithms. Unlike conventional "black box" approaches, where complex 

models produce outputs without revealing their decision process, XAI emphasizes interpretability 

and transparency. According to a comprehensive review by Vilone and Longo, XAI research has 

experienced exponential growth, with publications increasing by 55.86% from 2009 to 2019, 

reflecting the growing recognition of transparency's importance in algorithmic systems [5]. Their 

systematic analysis of 149 research papers identified four primary categories of XAI methods, with 

post-hoc explanations being the most prevalent approach, representing 62.2% of all 

implementations studied. Furthermore, their review revealed that across various application 

domains, user comprehension of AI explanations varies significantly depending on explanation 

type, with model-agnostic methods achieving average user comprehension rates of 64.1% 

compared to 48.7% for model-specific approaches [5]. 
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The technical challenges of implementing XAI in complex environments like aviation scheduling 

are substantial. Vilone and Longo's research indicates that explanation fidelity (how accurately 

explanations represent model behavior) and completeness (how comprehensively explanations 

cover model logic) frequently exist in tension, with only 27.3% of surveyed implementations 

achieving high ratings in both dimensions simultaneously [5]. Their analysis suggests that multi-

modal explanations—combining visual representations with textual descriptions—demonstrate 

the highest overall effectiveness, with comprehension improvements of approximately 31.2% 

compared to single-mode explanations. This finding has particular relevance for scheduling 

systems where decision complexity necessitates sophisticated explanation strategies. 

Procedural justice theory, meanwhile, suggests that people's perceptions of fairness depend not 

only on outcomes but also on the processes through which those outcomes are determined. Key 

elements of procedural justice include consistency, bias suppression, accuracy, correctability, 

representativeness, and ethicality. In organizational contexts, procedural justice has been linked to 

higher job satisfaction, organizational commitment, and reduced conflict. Cropanzano, Bowen, 

and Gilliland's extensive research on organizational justice demonstrates that procedural justice 

perceptions correlate strongly with key workplace metrics, including trust in leadership (r = 0.61), 

job satisfaction (r = 0.48), and organizational commitment (r = 0.57) [6]. Their synthesis of justice 

research emphasizes that procedural fairness often matters more than distributive fairness when 

systems make decisions affecting professional autonomy, which applies directly to pilot 

scheduling scenarios. 

The application of procedural justice principles in technical systems requires careful translation of 

theoretical concepts into design features. Cropanzano et al. identified voice (the ability to provide 

input) and explanation (understanding why decisions were made) as the two most impactful 

elements of procedural justice, together accounting for approximately 43% of variance in fairness 

perceptions [6]. Their research demonstrates that even when outcomes remain unchanged, 

providing clear explanations for decisions increases acceptance of negative outcomes by 

approximately 28%, suggesting that transparency itself functions as a significant mitigating factor 

for disappointment with results. 

The scheduling transparency initiative synthesized these frameworks by recognizing that 

perceived fairness in high-stakes environments requires not just equitable outcomes but transparent 

processes. By making the previously opaque scheduling algorithms explainable, the system 

addressed both the technical requirement for accurate decision-making and the human need for 

procedural clarity. This approach aligns with Vilone and Longo's conclusion that XAI 

implementation must prioritize human-centered design to achieve practical impact, with their 

finding that user-centered XAI systems achieved 29.4% higher organizational adoption rates than 

technically superior but less usable alternatives [5]. 
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Table 2: Comparative Percentages: Procedural Justice Factors and XAI Implementation 

Metrics [5, 6] 

Specific Measure Percentage 

Publication Increase (2009-2019) 55.86% 

Post-hoc Explanations Prevalence 62.20% 

Model-Agnostic Methods 64.10% 

Model-Specific Methods 48.70% 

High Fidelity & Completeness 27.30% 

Multi-modal vs. Single-mode Improvement 31.20% 

Trust in Leadership 61.00% 

Job Satisfaction 48.00% 

Organizational Commitment 57.00% 

Voice & Explanation Contribution to Fairness 43.00% 

Improvement with Explanations 28.00% 

User-centered vs. Technical-centered Advantage 29.40% 

 

Implementation Methodology 

The implementation process followed a multi-phase approach designed to create meaningful 

transparency without overwhelming users with excessive technical detail. The first phase involved 

collaboration between data scientists, scheduling specialists, and pilot representatives to identify 

the key factors influencing trade approval decisions. These factors included regulatory constraints, 

operational impact, seniority considerations, and historical patterns. This collaborative approach 

reflects research by Yang et al., who pioneered the Concept Bottleneck Model (CBM), which 

enables interpretable AI by identifying critical intermediate concepts that humans can understand. 

Their work demonstrated that domain expert involvement during concept identification improved 

model transparency by 27.5% while maintaining 96.3% of the original model's accuracy, 

confirming the value of cross-functional teams in XAI development [7]. Their research showed 

particular promise in settings with well-defined constraints like aviation, where their concept-

based approach successfully captured 92.1% of domain-specific rules while reducing model 

complexity by approximately 48.7% compared to traditional black-box approaches. 

In the second phase, the team developed an interpretable scoring model that quantified how each 

factor contributed to the final decision. Rather than simply replacing the existing algorithm, this 

model was designed to mirror its decisions while making the contributing factors explicit. This 

approach aligns with Yang et al.'s finding that unsupervised concept discovery complements 

expert-defined concepts, with their hybrid methodology identifying an additional 17.8% of 
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relevant decision factors that weren't initially recognized by domain experts [7]. Their technical 

framework demonstrated that interpretable intermediate representations could achieve 94.2% of 

black-box performance while providing complete explanation capabilities, offering an optimal 

balance between accuracy and transparency. 

The third phase focused on creating an intuitive user interface that could communicate these factors 

effectively, using both visual elements and natural language explanations. This design approach is 

supported by Lai et al.'s research on measuring trust in AI systems, which found that calibrated 

trust development requires multi-modal explanations tailored to user expertise levels. Their study 

involving 157 professionals in high-stakes decision environments revealed that appropriately 

calibrated trust resulted in 34.2% fewer decision errors compared to both overtrust and undertrust 

scenarios [8]. Their analysis demonstrated that well-designed explanation interfaces reduced trust 

calibration time by 61.7%, allowing users to develop appropriate reliance on AI systems more 

efficiently. 

The implementation included several key features: a detailed breakdown of the scoring logic for 

each trade request; comparative analysis showing how the request compared to previously 

approved trades; specific explanations for regulatory or operational constraints that led to 

rejections; and suggestions for alternative trades that might have higher approval probability. 

According to Lai et al., these types of contextual explanations are crucial for appropriate trust 

calibration, with their research showing that comparative historical examples improved trust 

calibration by 28.6% compared to factor-only explanations [8]. Their work emphasized that 

explainable AI systems must not only provide accuracy but should also help users understand when 

to trust system recommendations, a particularly important consideration in aviation, where both 

overtrust and undertrust carry significant operational consequences. 

Importantly, the system was designed to provide this transparency both for rejected and approved 

requests, ensuring that pilots could learn from both outcomes and develop a better understanding 

of the system over time. This bidirectional approach aligns with Yang et al.'s finding that learning 

transferable concepts requires exposure to both positive and negative examples, with their 

experiments showing concept transfer improving by 43.2% when participants were exposed to 

explanations of both successful and unsuccessful cases [7]. Similarly, Lai et al. demonstrated that 

understanding both system successes and failures is essential for calibrated trust, with their trust 

measurement framework showing that appropriate skepticism is as important as appropriate 

confidence in achieving optimal human-AI decision-making [8]. 
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Table 3: Impact of Implementation Approaches on Trust Calibration and Model 

Performance [7, 8] 

Metric Value 

Domain Expert Involvement Transparency Improvement 27.5% 

Model Accuracy Retention 96.3% 

Domain-Specific Rule Capture 92.1% 

Model Complexity Reduction 48.7% 

Additional Factors Identified via Unsupervised Discovery 17.8% 

Black-Box Performance Retention 94.2% 

Decision Error Reduction with Calibrated Trust 34.2% 

Trust Calibration Time Reduction 61.7% 

Trust Calibration Improvement with Historical Comparisons 28.6% 

Concept Transfer Improvement with Bidirectional Explanations 43.2% 

 

Results and Impact Analysis 

The introduction of transparency features into the scheduling system produced significant 

measurable impacts across multiple dimensions. Most dramatically, helpdesk queries related to 

scheduling decisions decreased by 60% within the first release cycle. This reduction represented 

not only operational efficiency gains but also indicated that pilots were receiving satisfactory 

explanations directly from the system. These findings align with real-world deployment 

experiences documented by Bhatt et al. in their study of explainable machine learning systems in 

practice. Their research examining explainable AI deployment across multiple organizations found 

that stakeholders valued explanations for different reasons depending on their roles, with end-users 

primarily seeking actionable understanding rather than technical details [9]. As they noted in their 

study of a loan application system, explanation features reduced customer service inquiries by 10-

15% and dramatically improved the quality of remaining inquiries, shifting from basic "why" 

questions to more sophisticated discussions about specific factors, suggesting a similar pattern 

likely occurred in the aviation scheduling context. 

Qualitative feedback collected through surveys and focus groups revealed several important 

themes. Pilots reported increased trust in the scheduling system, with many noting that even when 

their requests were denied, they could understand and accept the reasoning. This acceptance 

represented a fundamental shift from previous patterns of frustration and suspicion. These findings 

reflect Miller's comprehensive review of explainable AI from social science perspectives, which 

emphasizes that explanations must be contrastive, selective, and social to be effective [10]. Miller's 

analysis of over 250 research papers from philosophy, psychology, and cognitive science revealed 
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that humans rarely ask for complete explanations of why something happened; instead, they ask 

why something happened instead of something else (contrastive explanation). This principle 

applied directly to the scheduling system, where pilots primarily wanted to understand why their 

specific request was denied rather than requiring a comprehensive explanation of the entire 

scheduling algorithm. 

Additionally, pilots reported using the system's explanations to make more strategic trade requests, 

effectively learning from the feedback to increase their success rates. This learning effect mirrors 

findings from Bhatt et al.'s case studies, where they observed that explanations enabled users to 

adapt their behaviors strategically over time [9]. Their interviews with ML engineers and product 

teams revealed that explanation systems often created virtuous cycles where users learned to work 

with the system more effectively, reducing both user frustration and system gaming attempts. As 

one ML engineer noted in their study, "People try to understand how the model works and then 

they try to game it... With explanations, they're able to understand and work with the model rather 

than against it," a dynamic that appears to have similarly emerged in the pilot scheduling context. 

From an organizational perspective, the transparency initiative transformed what had been a 

significant source of friction into an opportunity for learning and engagement. By demystifying 

the scheduling process, the system effectively distributed knowledge that had previously been 

confined to a small group of scheduling specialists. This knowledge distribution empowered pilots 

to make more informed decisions and reduced the perception of arbitrary or unfair treatment. This 

organizational transformation aligns with Miller's observation that explanations serve vital social 

functions beyond mere information transfer [10]. The research highlights that explanations build 

trust, facilitate teaching, and enable social learning – all dynamics evident in the pilot scheduling 

case. Furthermore, Miller's work emphasizes that explanations are inherently social, typically 

occurring in a conversational context where the explainer considers the explainee's knowledge and 

beliefs. The scheduling system's design appears to have successfully incorporated this principle by 

providing context-sensitive explanations that acknowledged pilots' professional understanding 

while filling specific knowledge gaps regarding trade decision factors. 
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Table 4: Performance Metrics and Efficiency Gains: Key Percentages in Explainable AI 

Aviation Scheduling [9, 10] 

Metric Value (%) 

Helpdesk Query Reduction 60.0% 

Customer Service Inquiry Reduction 12.5% 

Domain Expert Involvement Transparency Improvement 27.5% 

Model Accuracy Retention 96.3% 

Domain-Specific Rule Capture 92.1% 

Model Complexity Reduction 48.7% 

Additional Factors Identified via Unsupervised Discovery 17.8% 

Black-Box Performance Retention 94.2% 

Decision Error Reduction with Calibrated Trust 34.2% 

Trust Calibration Time Reduction 61.7% 

 

Conclusion 

The aviation scheduling transparency initiative demonstrates the profound impact that explainable 

AI can have in complex operational environments where algorithmic decisions significantly affect 

human experiences. By transforming an opaque system into one that provides meaningful 

explanations, the initiative addressed both technical requirements for accurate decision-making 

and human needs for procedural clarity and fairness. The implementation yielded substantial 

operational benefits, including reduced administrative burden and more efficient resource 

allocation, while simultaneously enhancing pilots' trust, satisfaction, and strategic engagement 

with the system. Perhaps most significantly, the initiative created a virtuous cycle of learning and 

adaptation, where transparency enabled pilots to develop more sophisticated mental models of the 

scheduling process and make more informed decisions. This case illustrates that in high-stakes 

professional environments like aviation, transparency functions not merely as a technical feature 

but as a cornerstone of workplace equity, organizational learning, and operational excellence. The 

principles demonstrated here offer valuable insights for other domains where algorithmic systems 

make consequential decisions affecting professional lives, suggesting that explainability should be 

considered a fundamental design requirement rather than an optional enhancement. 
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