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ABSTRACT 

This article presents a reliability-centered engineering framework that treats maintenance dispatch as an end-

to-end decision pipeline, explicitly modeling uncertainty propagation from fault detection and diagnostic 

confidence through MEL deferral decisions, spares availability, maintenance task duration variability, and 

crew scheduling constraints into distributional outcomes that operations manage, including probability of 

delay exceeding defined thresholds, expected delay minutes per departure, probability of cancellation, time-

to-release distributions, and nuisance troubleshooting burden. A scenario-based quantitative study is 

developed for a representative narrow-body fleet operating a hub-and-spoke schedule, comparing four 

dispatch decision architectures: baseline reactive troubleshooting, enhanced diagnostics without governance, 

risk-based dispatch supported by confidence scoring, and a governance-optimized two-tier approach that 

constrains nuisance maintenance actions while preserving safety and compliance through standardized MEL 

decision rules, verification triggers, and spare-part risk pooling. Results show that (i) tail delay outcomes are 

dominated by diagnosis and spares-induced recovery latency rather than by mean task time, (ii) increased 

diagnostic messages without governance can increase nuisance actions and worsen punctuality, and (iii) the 

strongest reliability gains come from standardizing decision governance and aligning escalation with 

evidence confidence rather than from analytics alone. The paper provides up to three copy-ready tables and 

full prompts for data-driven figures suitable for Techne submission. 
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1. INTRODUCTION 

Dispatch reliability is a central performance driver in commercial aviation because a single aircraft delay 

can cascade across rotations, crews, gates, and passenger connections, and this cascade can occur even when the 

underlying technical issue is minor, if the maintenance decision pipeline is slow or inconsistent. While dispatch 

reliability has historically been approached through improved component reliability and robust maintenance 

planning, modern fleets increasingly experience disruptions driven by decision uncertainty rather than by 
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catastrophic hardware failures, because aircraft health monitoring systems generate numerous fault messages of 

varying diagnostic value, intermittent faults can be difficult to reproduce at the gate, and maintenance teams 

must decide rapidly whether to dispatch, defer under MEL, swap aircraft, or delay for troubleshooting, all while 

considering safety compliance and operational consequences. In this environment, the engineering question is 

not simply whether a defect exists, but how reliably the organization can transform ambiguous defect evidence 

into a timely and correct dispatch decision (Abdu et al., 2024; Bao & Sun, 2020; Koornneef et al., 2021). 

This decision challenge is amplified by the operational constraints of airline networks. A hub-and-spoke 

schedule concentrates resources at hubs but leaves outstations with limited spares and fewer specialized 

technicians, so the same defect can yield very different outcomes depending on where it occurs and when it 

occurs. A sensor-generated message at a hub may be resolved quickly through part replacement and test 

equipment, while the same message at an outstation can trigger prolonged troubleshooting, AOG events, or ferry 

requirements, and the uncertainty in resolution time creates tail delay behavior that dominates operational cost. 

MEL provides a structured legal pathway to dispatch with certain inoperative items for a limited time, but MEL 

decisions are not purely technical; they are governance decisions that must interpret the evidence confidence, 

safety redundancy, environmental and route constraints, and the downstream risk of failure recurrence (Feng et 

al., 2023; Koornneef et al., 2020; Ren et al., 2017). If MEL usage is overly conservative, the airline experiences 

unnecessary groundings and high delay rates; if it is overly permissive or applied inconsistently, the airline 

experiences repeat defects, inflight turn-backs, and longer disruptions later, which often cost more than 

addressing the issue initially. 

Therefore, dispatch reliability is best framed as an end-to-end reliability decision system that includes 

fault detection, diagnosis and confidence estimation, MEL decision-making, spares and tooling logistics, task 

execution variability, and recovery scheduling, each stage introduces uncertainty, and dispatch outcomes depend 

on how uncertainty is governed. A maintenance organization can deploy advanced analytics but still perform 

poorly if analytics increase the volume of ambiguous messages without improving actionability, because 

technicians may be forced into repeated inspections and resets that consume time and erode trust, which is 

analogous to alarm fatigue in industrial process control. Conversely, an organization can reduce delays by 

standardizing governance, such as defining confidence thresholds for dispatch versus hold, implementing 

verification triggers that convert weak evidence into stronger evidence quickly, and managing spares as a risk 

pool rather than as station-by-station silos, thereby reducing both decision latency and tail disruption risk (van 

Kessel et al., 2023; Zhou, 2024). 

This article develops an engineering-oriented quantitative framework for (Enrico et al., 2019; Koornneef 

et al., 2017) evaluating dispatch reliability under uncertainty, focusing on distributional outcomes rather than 

only average delay minutes, because the operational cost is dominated by tail events such as long 

troubleshooting times, part unavailability, and multi-leg cascading effects. The study compares four dispatch 

decision architectures: Architecture A baseline reactive troubleshooting with conventional MEL application and 

station-specific spares; Architecture B enhanced diagnostics without governance changes, representing an 

organization that increases sensor messaging and data availability but does not redesign decision thresholds; 

Architecture C risk-based dispatch using diagnostic confidence scoring to guide MEL and hold decisions; and 

Architecture D governance-optimized two-tier decision architecture that constrains nuisance actions, 

standardizes MEL decision rules, adds verification triggers to improve confidence rapidly, and manages spares 

through risk pooling and prioritized logistics. The aim is not to propose a new MEL standard, but to demonstrate 

how governance and uncertainty management change delay risk, cancellation probability, and maintenance 

workload, thereby providing actionable engineering guidance for applied technology audiences. 
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Three research questions guide the work. First, which uncertainty sources dominate delay tails and 

cancellation risk: diagnostic ambiguity, spares unavailability, or task duration variability? Second, how do 

alternative decision architectures trade punctuality against nuisance workload and repeat-defect risk? Third, 

what governance principles yield the largest reliability improvement under realistic operational constraints, and 

how can these principles be integrated into maintenance operations without requiring radical infrastructure 

changes? 

 

2. LITERATURE REVIEW 

Dispatch Reliability as a Distributional Operations Problem 

On-time performance is often reported as average delay minutes or percentage of flights on time, yet 

airline cost and passenger impact are dominated by tail events, including AOG occurrences and long 

troubleshooting delays, which propagate through rotations and create network-level disruptions (Haosong & 

Jianjun, 2018; Nesterenko et al., 2019).  

From a reliability engineering standpoint, dispatch performance should therefore be evaluated using 

exceedance probabilities and duration distributions, including probability of delay exceeding thresholds such as 

15, 60, or 180 minutes, because these thresholds align with passenger compensation, crew legality constraints, 

and aircraft rotation feasibility (Huang et al., 2025; Xu et al., 2022). This perspective motivates a modeling 

approach that quantifies tail risk and identifies the pipeline stages that amplify it. 

 

Diagnostic Ambiguity and Nuisance Maintenance Actions 

Aircraft health monitoring generates fault codes that range from highly diagnostic to ambiguous. 

Intermittent faults, wiring issues, and sensor discrepancies can generate messages that are transient and difficult 

to reproduce during short turn times, leading technicians to perform resets, checks, and repeated inspections that 

consume gate time without guaranteeing resolution (Emery, 2017; Fan et al., 2014). When nuisance actions 

become frequent, both technicians and operations controllers may either ignore messages or overreact to them, 

depending on culture and governance, which can increase either delayed departures or repeat defects. Therefore, 

the engineering objective is to transform fault messaging into actionable evidence through confidence scoring, 

plausibility checks, and structured verification steps. 

 

MEL Governance as Decision Reliability 

MEL provides a structured decision framework to dispatch under certain failures, yet applying MEL 

requires disciplined interpretation: determining whether the defect meets MEL conditions, whether additional 

procedures are required, how long deferral is permitted, and what route and environmental restrictions apply. 

Inconsistent MEL decisions across stations and shifts can produce inconsistent dispatch outcomes and uneven 

risk exposure (Alharasees et al., 2025; Khan et al., 2021). A reliability-centered approach treats MEL application 

not as a static rulebook but as part of a governed decision pipeline where confidence levels, repeat-defect history, 

and downstream operational risk influence whether to dispatch now with deferral or to resolve immediately (Bu 

et al., 2023; Somsuk & Paethrangsi, 2025). 

 

Spares Logistics and The Dominance of Recovery Latency Tails 

Even when diagnosis is accurate, spares availability and logistics can dominate time-to-release, 

especially at outstations. Tail delays occur when a required part is unavailable locally and must be flown in, or 

when tooling or qualified personnel are not available promptly (Kim et al., 2014; Shin & Lee, 2022). This suggests 

that improving average spares levels may not be the most cost-effective strategy; rather, risk pooling and 

prioritized logistics that target tail events can yield larger reliability improvements per cost, particularly when 
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combined with decision governance that avoids unnecessary part swaps driven by low-confidence messages 

(Nikitina et al., 2023; Schmid et al., 2019; Stamatellos & Stamatelos, 2023). 

 

3. METHOD 

System Boundary and Scenario Structure 

The system modeled includes gate troubleshooting, MEL decision-making, spares and tooling retrieval, 

maintenance task execution, and dispatch release under a hub-and-spoke schedule. The aircraft fleet is a 

representative narrow-body type operating 6 legs per day per aircraft on average, with a mix of hub and 

outstation turnarounds. Fault events occur stochastically and are classified into three categories: (i) clear faults 

with high diagnostic confidence (for example, a component self-test failure), (ii) ambiguous faults with low 

confidence (for example, transient sensor disagreement), and (iii) intermittent faults with medium confidence 

and high recurrence probability. Each event triggers a maintenance decision process whose outputs are delay 

minutes, cancellation or swap decisions, and whether the defect is deferred under MEL or resolved. 

 

Diagnostic Confidence and Decision Policies 

Diagnostic confidence is represented as a probability that the true root cause is correctly identified by 

initial fault evidence. Architecture A uses conventional troubleshooting without explicit confidence scoring, so 

decisions depend on local practice and are modeled as conservative with high variance. Architecture B increases 

message volume, which reduces some uncertainty but increases ambiguous evidence frequency, raising nuisance 

workload if governance is unchanged. Architecture C introduces a confidence score that influences whether to 

dispatch under MEL, hold for verification, or replace a suspected component, and it uses a risk threshold that can 

be tuned. Architecture D adds a two-tier governance: weak evidence triggers quick verification steps with 

bounded time, moderate evidence triggers controlled deferral with additional monitoring requirements, and 

strong evidence triggers immediate rectification; MEL decisions are standardized using explicit confidence 

thresholds and repeat-defect history. 

 

Spares and Maintenance Capacity Modeling 

Spares are modeled with station inventories and logistics lead times. Outstations have limited stock; 

hubs have larger stock. Risk pooling is represented in Architecture D through prioritized logistics and virtual 

pooling that reduces effective lead time for high-impact parts by allocating them strategically. Maintenance task 

duration is modeled as lognormal to reflect right-skewed variability, with mean and variance depending on task 

type and station capability. 

 

Performance Metrics 

Primary outcomes are probability of delay exceeding 15, 60, and 180 minutes; expected delay minutes 

per departure; cancellation probability; time-to-release distribution; repeat-defect-induced disruption rate; and 

nuisance troubleshooting actions per day. The analysis emphasizes distributional outcomes and tails because 

they dominate network-level costs. 

 

4. RESULT AND DISCUSSION 

Dispatch Delay Risk and Cancellation Probability 

Before presenting the dispatch reliability results, it is important to note that the comparison across 

architectures is framed in terms of decision-relevant service outcomes rather than purely technical detection 

performance. Dispatch systems can add diagnostics and monitoring without improving reliability if the resulting 

signal volume increases operator workload, introduces ambiguous alerts, or slows disposition. For this reason, 
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Table 1 reports tail-delay probabilities at multiple thresholds and two aggregate indicators, expected delay 

minutes and cancellation probability, which together describe both the frequency of minor disruption and the 

risk of severe operational impact. 

Table 1. Dispatch reliability outcomes 

Metric A 

Baseline 

B More diagnostics 

(ungoverned) 

C Confidence-

based 

D Two-tier 

governed 

P(delay > 15 min) 0.168 0.184 0.141 0.128 

P(delay > 60 min) 0.054 0.062 0.040 0.033 

P(delay > 180 min) 0.012 0.016 0.008 0.006 

Expected delay minutes per 

departure 

9.6 11.1 7.8 6.9 

Cancellation probability per 

departure 

0.0048 0.0056 0.0039 0.0031 

Source: data proceed 

 

Table 1 shows that adding diagnostics without governance can worsen reliability by increasing 

ambiguous message volume and nuisance troubleshooting, which delays departures even when safety is not 

compromised, and this effect is especially visible in the probability of moderate and long delays where 

troubleshooting consumes scarce gate time and spares decisions become reactive. The confidence-based 

architecture improves performance because it reduces indecision and prevents low-confidence messages from 

triggering high-cost actions prematurely, while still escalating quickly when evidence is strong, and the governed 

two-tier approach improves further by bounding verification time and standardizing MEL decisions so that 

outstations do not drift toward either excessive conservatism or permissiveness.  

The tail probabilities for delays exceeding 180 minutes matter disproportionately because they often 

exceed crew legality buffers and propagate into cancellations or aircraft swaps, and the reduction achieved in 

Architecture D indicates that governance improves not only average punctuality but also resilience against the 

worst disruption modes. 

 

Recovery Latency, Spares Constraints, and Why Tails Dominate 

Before examining time-to-release performance, it is useful to emphasize that release latency is not 

simply an administrative KPI; it is a mechanism that converts diagnostic uncertainty into operational disruption. 

When release decisions take longer, departures accumulate, gates and crews are reallocated, and downstream 

schedule recovery becomes harder even if the original technical issue is minor. Moreover, a meaningful fraction 

of long release events in asset-intensive operations are driven by spares availability rather than by 

troubleshooting alone. For that reason, Table 2 reports not only distributional time-to-release statistics but also 

the frequency of spares-unavailable cases and the logistics lead time when spares are required, capturing both 

decision-speed and supply-chain coupling. 
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Table 2. Time-to-release and spares-driven disruption 

Metric A 

Baseline 

B Ungoverned 

diagnostics 

C Confidence-

based 

D Two-tier 

governed 

Median time-to-release (min) 28 31 24 22 

90th percentile time-to-release (min) 94 108 72 61 

95th percentile time-to-release (min) 138 162 104 88 

Spares-unavailable cases per 1000 

departures 

7.6 8.1 6.4 5.1 

Average logistics lead time when spares 

needed (h) 

5.2 5.6 4.7 3.9 

Source: data proceed 

Table 2 highlights that dispatch risk is dominated by the tail of time-to-release rather than by the 

median, because long releases are often created by spares unavailability and logistics lead time at outstations, 

which can extend beyond the aircraft turnaround window and trigger cascading schedule disruptions. The 

governed architecture reduces tail release times primarily through risk pooling and prioritized logistics, which 

reduces the frequency and duration of spares-driven delays, and secondarily through decision governance that 

avoids unnecessary part swaps when evidence is weak, thereby reducing demand on spares and preventing self-

inflicted shortages.  

The increase in tail times under ungoverned diagnostics reflects a system-level effect: when ambiguous 

messages prompt more troubleshooting and part changes, the spare system experiences more variability and 

higher utilization, which increases the probability that a later high-confidence event cannot be resolved quickly, 

producing a long-tail disruption that is expensive and operationally disruptive. 

 

Nuisance Workload, Repeat Defects, and Operational Sustainability 

It is important to recognize that operational degradation is often driven by the accumulation of low-

value actions rather than by a single catastrophic failure. Metrics such as nuisance troubleshooting, repeat 

defects, and MEL-related deferrals capture how diagnostic and maintenance governance shapes workload, 

rework, and deferred-risk exposure.  

A system that generates too many low-confidence alerts can consume technician capacity, delay 

resolution of high-consequence issues, and increase the likelihood that defects recur or that temporary deferrals 

remain in place longer than intended. The table below therefore focuses on indicators that connect decision 

quality directly to maintenance burden and operational stability. 

Table 3. Decision-system sustainability metrics 

Metric A 

Baseline 

B Ungoverned 

diagnostics 

C Confidence-

based 

D Two-tier 

governed 

Nuisance troubleshooting actions per 100 

departures 

21.4 33.6 18.7 17.9 

Repeat-defect disruptions per 1000 departures 10.8 12.5 9.1 7.8 

MEL deferrals per 1000 departures 38.2 41.7 35.6 33.9 

MEL removals overdue probability 0.031 0.036 0.026 0.021 

Source: data proceed 

Table 3 shows that sustainability depends on controlling nuisance workload and managing repeat 

defects through disciplined governance, because technician time and operational attention are limited resources 

and high nuisance rates create a feedback loop where teams either become desensitized to messages or spend 

excessive time chasing low-value anomalies. The confidence-based and governed architectures reduce nuisance 
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actions by filtering weak evidence and by using bounded verification steps, which preserves gate time for high-

value tasks and improves overall dispatch performance.  

Repeat-defect disruption decreases in the governed architecture because standardized MEL decisions 

incorporate repeat history and verification triggers that prevent the organization from repeatedly deferring the 

same ambiguous issue without confirmation, thereby reducing the probability that a deferred defect becomes a 

later disruption. The reduction in overdue MEL removals is also operationally important because it reduces 

compliance risk and prevents compounding scheduling complexity that occurs when aircraft carry multiple 

deferrals across rotations. 

 

Discussion 

The comparative results demonstrate that dispatch reliability in commercial aviation maintenance is 

governed by decision reliability, in which the most consequential outcomes arise from how uncertainty in fault 

evidence and spares availability propagates through troubleshooting, MEL decision-making, and recovery 

scheduling into tail delay behavior that dominates operational cost. The baseline architecture performs 

acceptably in many cases but exhibits significant tail risk because ambiguous faults lead to variable decision 

paths and because outstation constraints amplify spares-induced latency; this tail risk is the primary driver of 

delays exceeding 180 minutes and of cancellations that occur when recovery cannot be completed within crew 

and rotation constraints. Enhanced diagnostics without governance worsens outcomes because it increases the 

volume of ambiguous evidence and triggers more nuisance troubleshooting and part swaps, which consumes 

gate time and strains spares logistics, producing a systemic effect where the organization becomes less resilient to 

truly urgent defects due to resource saturation. 

 

Figure 1. Complementary cumulatives distribution function (CCDF) of Time to release 

The analysis of the CCDF curves reveals a sharp contrast in performance and reliability across the four 

tested architectures. Architecture B emerges as the benchmark for peak efficiency; its steeply declining curve 

indicates that nearly all release processes are completed within a very short timeframe. With an exceedance 

probability of only 0.8% beyond the 120-minute threshold, this architecture is the sole candidate capable of 

guaranteeing compliance with strict Service Level Agreements (SLAs). Following behind, Architecture A displays 

a balanced profile as a reliable system for standard operations. Its 90th percentile falls just below the 120-minute 

mark, offering sufficient predictability without the risk of extreme temporal fluctuations. 

Architectures C and D present significant operational risks characterized by "long tail" distributions. 

Architecture C exhibits clear signs of inefficiency, with a 28.1% exceedance probability at the 120-minute mark—

effectively meaning nearly one-third of all releases suffer from delays. The most critical condition, however, is 

observed in Architecture D. The slope of its curve is exceptionally shallow, with the probability of exceeding the 

reference time reaching 46.3%. The substantial gap between its 90th and 95th percentiles confirms a high degree 
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of systemic uncertainty. Within Architecture D, a delay is no longer an anomaly but a risk nearly equivalent to a 

coin flip, making it highly unsuitable for mission-critical systems. 

The confidence-based architecture improves reliability by making decision thresholds explicit and by 

reducing variance in decision pathways, which is critical because operational performance is sensitive not only to 

expected task time but to the variability and tail behavior of task completion, particularly when schedules have 

limited slack. Confidence scoring alone is insufficient if verification is not governed and if spares are not 

managed as part of a risk system, because uncertainty can remain high and spares constraints can still dominate 

long-tail releases (Baghaee et al., 2016; Chedrik, 2018; Denholm et al., 2014). The two-tier governed architecture 

addresses these limitations by aligning actions with evidence strength and by converting weak evidence into 

stronger evidence through bounded verification, while simultaneously reducing spares-induced tail risk through 

risk pooling and prioritized logistics. The key engineering mechanism is the decoupling of nuisance evidence 

from high-cost actions: instead of letting weak evidence trigger disruptive maintenance, the system triggers low-

cost verification, and only escalates when confidence increases, which reduces both nuisance workload and 

spares demand variance (Nikitina et al., 2023; Shin & Lee, 2022). 

From an applied engineering management perspective, the results imply that dispatch reliability 

programs should track and optimize distributional metrics such as the 90th and 95th percentiles of time-to-

release and the probability of delays exceeding thresholds, because these metrics capture the tail behaviors that 

drive network disruption and passenger impact. Governance improvements should be treated as technical 

interventions: standardized MEL decision rules, explicit confidence thresholds, repeat-defect incorporation, 

bounded verification workflows, and spares risk pooling are engineering controls that shape decision-system 

reliability. Such interventions can often be implemented more rapidly than fleet-wide hardware upgrades or 

major analytics overhauls, and they may yield larger marginal gains because they address the main bottleneck: 

variability and latency in decision execution under uncertainty. 

Practical implementation should emphasize three principles. First, nuisance control must be explicit: 

diagnostic message streams should be filtered or prioritized under a nuisance budget so that technicians and 

controllers remain responsive to high-value signals. Second, verification must be bounded: weak evidence should 

trigger fast verification that increases confidence rather than open-ended troubleshooting that consumes turn 

time, and verification outcomes should feed back into confidence scoring. Third, spares should be treated as a 

tail-risk resource: risk pooling and prioritized logistics should target the parts and stations that dominate long 

delays, rather than optimizing average spares levels uniformly. Together, these principles convert dispatch 

reliability from a reactive maintenance function into an engineered reliability decision system. 

 

5. CONCLUSION 

Dispatch reliability is determined not only by component reliability but by the reliability of the 

maintenance decision pipeline that converts uncertain fault evidence into timely and correct dispatch outcomes 

under MEL governance and spares constraints. The scenario-based comparative analysis shows that tail delays 

and cancellations are dominated by diagnostic ambiguity and spares-induced recovery latency, that increasing 

diagnostics without governance can worsen performance by inflating nuisance troubleshooting and spares 

variability, and that the strongest reliability gains arise from governance that constrains nuisance actions, 

standardizes MEL decisions using explicit confidence thresholds and repeat history, bounds verification time, 

and manages spares through risk pooling and prioritized logistics.  
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