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ABSTRACT. Airline passenger-service operations increasingly rely on predictive decision support to triage large 

volumes of service cases under capacity constraints. However, many studies emphasize ranking performance while 

providing limited evidence on the reliability of probabilities and the operational feasibility of threshold-based 

deployment. This study examines whether calibrated probabilities from machine learning (ML) models can support 

actionable, workload-aware decisions in airline passenger service operations. We implement a leakage-controlled 

pipeline with frozen preprocessing and compare regularized logistic regression, random forests, and gradient-boosting 

trees. Predicted probabilities are calibrated on non-test data using isotonic regression. Evaluation on a held-out test set 

integrates discrimination, probability-quality metrics, and calibration diagnostics. Decision curve analysis (DCA) 

quantifies net benefit relative to treat-none and treat-all strategies across an operational threshold window (0.05–0.15). 

To translate decision policies into operational implications, thresholds are mapped to workload units, including alerts 

per day and expected counts of true and false positives per day, assuming a nominal daily volume of 1,200 cases. 

Segment audits assess robustness across cabin class, travel type, delay band, and distance band. After calibration, the 

selected gradient-boosting model yields positive net benefit throughout the threshold window and forms the upper 

envelope relative to baseline strategies. Workload translation indicates that thresholds in the 0.05–0.15 range preserve 

true-positive throughput while reducing false-positive alerts, enabling managers to tune intervention capacity with 

minimal loss of decision value. Segment audits indicate generally stable performance, while identifying localized 

conditions in which modest segment-specific thresholds or light post-alert triage may reduce unwarranted escalations. 

Overall, calibrated ML, combined with DCA and workload translation, provides operationally feasible, governance-

ready support for passenger-service decision making, improving reliability and efficiency while allowing threshold 

policies to adapt to daily capacity and evolving operating conditions. 
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1. Introduction 

Passenger-service operations are a critical component of the air-transport ecosystem, 

encompassing check-in, security screening, boarding, and in-flight service; performance at these 

touchpoints directly shapes perceived service quality, reliability, and even airport image [1]. 

Global demand has recovered strongly: industry statistical bulletins jointly released by ACI 

World and ICAO report that 2024 passenger volumes surpassed 2019 levels (≈9.5 billion; 104%), 

with continued growth expected thereafter [2]. Yet many terminals face persistent capacity and 

staffing constraints. Empirical and modeling studies of terminal processes repeatedly identify 

check-in, particularly security, as a bottleneck during peak demand, where queueing dynamics 

degrade throughput and service reliability [3], [4]. At the network level, delay analyses show that 

“reactionary” (knock-on) delays, often triggered by missed connections and terminal-side 

congestion, account for the largest share of delay minutes in Europe (≈ 46–48% in 2023), 

underscoring how passenger-flow disruptions propagate to flight operations [5]. Consistent with 

this, network science evidence demonstrates that passenger/crew connections are a dominant 

mechanism for systemic delay propagation, so a single checkpoint bottleneck can cascade into 

missed connections and widespread schedule disruption [6]. From an operations management 

perspective, security lane staffing and scheduling policies are often designed around maximum 

wait constraints (e.g., ≤45 minutes), yet achieving these targets during peak periods requires 

anticipatory control rather than reactive measures [7]. As airlines pursue ambitious efficiency and 

sustainability objectives while facing weather and geopolitical shocks, improving system 

reliability and resilience, therefore, calls for decision support that links predictive analytics to 

actionable staffing and queue-management interventions. 

Much of the recent transportation research has focused on machine learning (ML) to 

predict demand, delays, and passenger satisfaction. Hybrid and ensemble methods, such as 

optimized random forests, consistently outperform traditional techniques in flight-delay 

prediction across various datasets, including recent deep and hybrid models [8], [9], [10]. Deep 

learning and modern ML pipelines have likewise achieved high predictive performance for 

airline passenger satisfaction in peer-reviewed settings [11], [12]. Telematics and kinematic 

features further enable risk stratification in mobility and safety applications, supporting targeted 

interventions [13], [14], [15]. However, practical use in passenger-service operations remains 

limited because probability outputs are rarely calibrated and are seldom translated into 

actionable workload or policy metrics. Reviews of classifier calibration emphasize that 

discrimination metrics (e.g., accuracy, AUC) are insufficient for decision support without 

evaluating probability reliability (e.g., Brier score, calibration curves, ECE) and post-hoc 

calibration [16]. In public-transport satisfaction research, non-linear effects of waiting and 

crowding are well documented, but calibrated risk estimates and explicit decision analyses are 

rarely reported [17], [18]. Likewise, many flight-delay studies foreground predictive accuracy 
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while giving limited attention to the reliability of delay probabilities or to threshold choices that 

connect predictions to staffing and resource allocation [8], [19]. Without calibration and decision-

analytic evaluation, operators cannot identify probability cut-offs that yield positive net benefit 

relative to “treat-all” or “treat-none” strategies; decision-curve analysis offers a principled 

framework for translating predictions into policy [20], [21]. 

Another gap concerns stability across operational segments that are meaningful to 

airlines. Passenger expectations vary by cabin class, flight distance, delay bucket, and travel 

purpose; yet ML models are often trained and reported on aggregate data, masking segment-

specific biases or instabilities. This raises concerns for fairness and governance: for example, 

deploying a miscalibrated model that underestimates dissatisfaction for economy passengers 

could exacerbate inequities. Recent transportation studies have begun to formalize and audit such 

issues using fairness definitions like equality of opportunity (equal true-positive rates) and 

equality of prediction accuracy (equal error rates) [22], [23]. Fairness-aware approaches adjust 

thresholds or add regularization to balance error rates across user groups, but comparable 

assessments remain rare in passenger-service operations [23], [24]. System-level resilience, 

therefore, requires decision-support tools that not only perform well on average but also deliver 

consistent reliability across segments and remain robust under distribution shifts such as post-

pandemic travel patterns, an aim aligned with calibrated ML and segment-specific audits. 

We quantify probability accuracy using the Brier score and the Murphy decomposition 

and assess miscalibration with expected calibration error (ECE), calibration-in-the-large, and 

calibration slope. To translate probabilistic accuracy into operational value, we employ decision 

curve analysis, in which net benefit captures the standardized trade-off between true-positive 

yield and false-positive burden at a given threshold.  

Our study addresses these gaps by developing a calibrated ML decision-support pipeline 

for airline passenger service operations. The pipeline controls for data leakage; applies isotonic 

regression to calibrate probability outputs; and evaluates reliability using the Brier score, 

Murphy’s decomposition (reliability, resolution, uncertainty), and expected calibration error 

(ECE) [25], [26], [27], [28], [29], [30]. Decision-curve analysis (DCA) then translates calibrated 

probabilities into net-benefit curves across policy thresholds by weighting true positives against 

the harms of false positives and plotting net benefit as a function of threshold probability [20], 

[21]. This framework identifies threshold ranges where model-guided interventions outperform 

default policies (treat-all vs. treat-none) and connects predictions to actionable policy windows. 

Finally, we translate net benefit into operational workloads: alerts per day and expected true and 

false positives per day to support staffing and resource planning. 

This study makes four contributions. First, we present a leakage-controlled pipeline with 

isotonic calibration, ensuring probability fidelity for downstream decisions. Second, we evaluate 

decision utility via net benefit within an operationally justified threshold window (0.05–0.15), 
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directly linking model choice to staffing and queue management. Third, we translate model 

outputs into workload metrics (alerts/day, TP/FP per day) to support capacity planning. Fourth, 

we conduct segment-level audits (cabin class, distance, delay, travel type) to assess stability and 

inform segment-specific operating points, thereby improving reliability across heterogeneous 

traffic mixes. 

We address three research questions: RQ1: Within the operational threshold window, do 

calibrated models achieve higher net benefit than treat-none and treat-all strategies, and across 

what sub-intervals is this advantage sustained? RQ2: How stable are net benefit and workload 

(TP/FP per day) across key operational segments, and can segment-specific thresholds reduce 

FP-burden without materially eroding TP-yield? RQ3: How do calibration properties 

(Brier/Murphy, ECE, calibration-in-the-large/slope) explain observed differences in net benefit 

and workload? 

2. Literature review 

2.1 ML for Passenger Operations  

2.1.1 Safety risk prediction 

Machine learning applications for road-user and passenger safety increasingly use high-

frequency telematics to detect elevated crash risk and enable proactive actions [14], [31]. Using 

decision-adjusted risk models with kinematic data enhances the prioritization of high-risk drivers 

by focusing on the utility of interventions rather than just discrimination [15]. Current real-time 

systems combine sequence models with calibrated-confidence learning, ensuring predicted crash 

probabilities match observed data, a key factor for reliable alerts at scale [32]. In addition to point 

estimates, conformal prediction provides pre-crash injury-risk ranges with guaranteed coverage, 

offering auditable probabilistic intervals for operational decisions [33]. Throughout this research, 

reviews and design analyses highlight that explicit probability calibration, usually through post-

hoc methods applied to gradient-boosted or deep models, is essential to avoid overconfident 

recommendations that could jeopardize safety [14]. 

2.1.2 Operational efficiency and delay management 

In public transportation, open-data pipelines combined with machine learning can predict 

ferry delays and reveal operational factors such as headways, trip start times, and vessel 

identifiers, thereby supporting schedule reliability [34]. In aviation, hybrid methods that combine 

clustering with optimized ensemble learners have improved flight-delay forecasting, enabling 

earlier rescheduling and targeted resource deployment [8], [9]. Despite strong discrimination, 

many models fall short of converting probabilistic outputs into calibrated decision thresholds that 

guide operators when to intervene. Research on terminal queue management demonstrates that 

congestion at check-in and security significantly impacts throughput and reliability, and that 

lane-assignment rules and staffing based on explicit maximum-wait constraints can reduce 
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waiting times and improve flow [4], [7]. At the network level, empirical evidence shows that local 

bottlenecks create knock-on (reactionary) delays across connected flights, emphasizing the 

importance of linking predictions to upstream passenger-flow controls [6]. These findings 

underscore the operational value of predictive tools that not only forecast delays but also convert 

calibrated risk estimates into staffing and queue-management actions. 

2.1.3 Passenger experience and demand forecasting 

Evidence from public transport shows that non-linear machine-learning models can 

capture threshold effects in perceived service quality, e.g., steep drops in satisfaction once waiting 

times and crowding exceed certain levels, supporting experience-oriented service design [35]. 

Regarding demand, recent systematic reviews conclude that models combining socio-

demographics, service attributes, and temporal patterns (e.g., lags/seasonality) yield more 

accurate ridership forecasts than traditional baselines, thereby enhancing inputs for scheduling 

and fleet management [36], [37]. However, recent domain reviews and surveys consistently 

report that uncertainty quantification, probability calibration, and fairness diagnostics are 

infrequently documented, which constrains the safe integration of forecasts into capacity 

planning and pricing [21], [23], [36], [37], [38], [39]. Decision-focused learning in ride-hailing 

exemplifies how aligning model training with downstream policy, here, subsidy allocation 

optimized according to platform objectives, can improve system-level outcomes, demonstrating 

a pathway to make demand and satisfaction models operationally meaningful in aviation [40]. 

2.1.4 Resilience and sustainability 

Work on transport resilience increasingly investigates how predictive models support 

operations during disruptions by anticipating load, re-routing flows, and prioritizing scarce 

capacity. Graph-based spatio-temporal architectures have proved effective for forecasting traffic 

states under irregular conditions, improving short-horizon situational awareness that underpins 

resilient control policies [41], [42]. In parallel, fairness-aware demand modeling has begun to 

incorporate constraints that prevent systematic under-service of user groups or regions, linking 

predictive accuracy to equitable access and more sustainable resource allocation [23], [24]. Despite 

these advances, most studies still emphasize discrimination metrics and omit probability 

calibration or decision-analytic evaluation, reducing the operational value of forecasts for 

sustainable scheduling and recovery planning [20], [21], [25], [28]. 

In sum, ML research has improved predictive accuracy for many passenger-service tasks, 

yet calibrated probabilities and explicit decision rules remain uncommon [16], [50]. Absent 

calibration and decision-curve analysis, models are rarely audited across segments or translated 

into actionable thresholds, constraining their contribution to system safety, efficiency, reliability, 

and sustainability [20], [21], [23], [24], [29], [30]. 

2.2 Probability calibration and reliability  
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For model outputs to guide operations, predicted probabilities must agree with empirical 

frequencies; strictly proper scoring rules formalize this requirement, with the Brier score 

measuring the mean-squared gap between predictions and outcomes [43]. The classical Brier 

decomposition attributes error to reliability (calibration), resolution (separation of high- vs. low-

risk cases), and uncertainty, diagnosing whether deficiencies stem from miscalibration or weak 

discrimination [27], [28]. 

Modern practice extends Brier analysis with reliability diagrams and scalar miscalibration 

summaries. Statistically principled calibration plots using optimal or smoothed binning reduce 

estimator bias and improve interpretability in applied settings [44], [45]. Empirical and survey 

evidence further shows that single-number metrics such as the Expected Calibration Error (ECE) 

are sensitive to binning choices and estimator specification, motivating careful reporting and, 

where relevant, class-specific variants [16]. In real-world use, the operative standard is simple: a 

predicted probability of 0.70 should be correct about 70% of the time in comparable cases; 

otherwise, thresholds and workload planning based on those probabilities may be unreliable [46], 

[47]. 

Post hoc calibration transforms scores into reliable probabilities. Platt scaling provides a 

parametric logistic mapping, whereas isotonic regression offers a monotone nonparametric 

alternative suitable for non-logistic distortions [48]. Recent journal surveys synthesize advances 

in modern machine learning (including deep and ensemble models) and recommend reporting 

both discrimination and calibration, often after post-hoc adjustment, as prerequisites for decision 

support [16]. 

When interval assurances are needed, conformal prediction provides distribution-free 

coverage guarantees for prediction sets/intervals, with recent expositions and applications 

showing how guaranteed-coverage risk bands can be audited in practice [33], [49]. Taken 

together, the Brier/Murphy framework, stable calibration diagnostics, and post-hoc calibration 

(plus conformal intervals, where appropriate) move ML from raw scores toward actionable, 

trustworthy probabilities for airline passenger service decisions. 

2.3 Decision-Curve Analysis and Policy Thresholds 

Conventional discrimination metrics (e.g., AUC) do not determine whether using a model 

improves decisions. Decision-curve analysis (DCA) evaluates net benefit across intervention 

thresholds by linking predicted probabilities to actions and comparing model-guided decisions 

with “treat-all” and “treat-none” strategies [50]. Recent methodological advances further extend 

DCA to quantify uncertainty and perform formal inference, including confidence intervals and 

hypothesis testing for net benefit, as well as a Bayesian formulation (bayesDCA) that supports 

posterior uncertainty statements about strategy dominance [51]. In DCA, the action threshold 

encodes the trade-off between false positives and false negatives; at each threshold, the net benefit 

equals the true-positive rate minus a penalty for false positives scaled by the threshold. Because 
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DCA requires only a threshold probability rather than full monetary utilities—and can be 

computed from standard validation data, it provides a practical bridge from predictive scores to 

policy choices [50], [51].  

Within transportation, explicit decision-analytic evaluations remain uncommon, yet 

adjacent strands underscore the need for threshold-aware policy design. In ride-hailing, empirical 

evidence shows that incentive schemes structured by cut-offs, such as subsidies or bonus 

programs, materially influence drivers’ labor supply and platform outcomes, with effects 

contingent on operational goals and constraints [52], [53]. Complementary studies further 

document that price- and bonus-like signals (e.g., surge or targeted incentives) alter driver 

relocation and market performance, reinforcing the case for formally selecting thresholds rather 

than relying on heuristics [54]. A complementary line of work aligns learning objectives with 

downstream allocation, demonstrating that decision-focused learning can optimize city-level 

subsidy allocation, a template for coupling prediction and policy that is directly compatible with 

DCA-style operating-point selection [40]. In parallel, a Q1 systematic review finds that in-vehicle 

telematics programs commonly rely on risk thresholds (e.g., speeding, harsh braking) to trigger 

feedback or incentives, reinforcing the need to select cut-offs based on operational value rather 

than heuristics [14].  

Despite these advances, many transport ML applications still use thresholds heuristically 

(e.g., 0.50 or simple class-imbalance rules), leaving the operational value uncertain; DCA directly 

addresses this by quantifying where a model yields a positive net benefit relative to default 

strategies [50], [51]. 

We apply DCA to passenger-satisfaction risk within a predefined policy window of 0.05–

0.15 dissatisfaction probability. The lower bound screens out overly aggressive operating points 

that would flood frontline operations, while the upper bound preserves feasible opportunities for 

proactive service recovery under realistic staffing levels. We report net-benefit gains within this 

window and translate chosen thresholds into daily workload metrics (alerts/day; expected 

true/false positives/day) to support decision-analytic justification by airline managers [50], [51]. 

2.4 Operational Stability and Governance 

Implementing ML in passenger-service operations raises concerns about fairness, 

robustness, and governance. Distribution shifts and transferability are key issues: models trained 

in one region or time often lose accuracy when demand patterns or network conditions change 

[55], [56]. In transportation analytics, short-term traffic and safety studies show that adapting 

models across domains with transfer learning or domain adaptation improves out-of-domain 

performance relative to naïve deployment [57], [58], [59]. For passenger services, such shifts occur 

during seasonal peaks, post-pandemic travel patterns, or schedule and network changes; without 

ongoing monitoring and recalibration, risk estimates can systematically overestimate or 

underestimate dissatisfaction in new situations, reducing reliability and resilience [21], [60]. 
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Governance thus requires explicit portability audits, such as external validation on new segments, 

calibration checks with updates, when necessary (like simple intercept/slope recalibration or 

non-parametric mapping), and documentation of any threshold changes to maintain fair and 

stable service levels across cabins, distance buckets, and delay categories [23]. 

Fairness across segments. Passenger transportation systems serve heterogeneous users 

whose expectations and sensitivities vary by cabin class, travel purpose, and region. In predictive 

decision support, widely used fairness notions include equality of opportunity and equalized 

odds, which require comparable true-positive (and often false-positive) rates across protected 

groups, and accuracy-based notions that seek prediction performance independent of protected 

attributes [61]. Recent advances demonstrate that fairness can be enforced with minimal loss in 

overall accuracy through either in-processing penalties or post-processing adjustments, such as 

threshold optimization, to balance error rates across groups [62], [63]. In transportation 

applications, emerging work shows that fairness-regularized forecasting pipelines and post-

deployment threshold calibration can narrow inter-group performance gaps while preserving 

system-level utility [23]. Platform studies in ride-hailing likewise indicate that fairness-aware 

matching and policy tuning can improve equity (e.g., income or service allocation) without 

materially degrading efficiency, supporting transportation-equity goals [64], [65]. For passenger-

service operations, routine segment audits can reveal systematic under-prediction of 

dissatisfaction in specific cabins, distance bands, or delay types; segment-specific thresholds or 

recalibration should then be applied to equalize relevant metrics (e.g., recall) across groups and 

ensure equitable resource allocation [23], [63]. 

Transparency and accountability are central themes. Emerging governance scholarship 

highlights explainability and auditability as essential for trustworthy machine learning, 

advocating for documenting model logic, uncertainties, and accountability pathways [66]. In 

transportation studies, explainability has become increasingly common. For example, mode-

choice and safety applications now include SHAP-based analyses to attribute feature 

contributions alongside predictive models [67]. In incident management, Kernel density 

estimation and Monte Carlo simulation were used to derive clearance-time distributions, 

accompanied by reliability assessments akin to calibration diagnostics, to operationalize 

transparent uncertainty quantification [68]. Similarly, queue-management evidence emphasizes 

the importance of real-time data and adaptive staffing; discrete-event simulation used in airport 

terminals serves as a decision tool for evaluating staffing levels and reducing wait times [69]. 

Human oversight remains crucial: model outputs should serve as decision aids, with clearly 

communicated uncertainties such as calibrated probabilities and, when appropriate, decision-

curve–based net benefits and include explicit workload metrics like expected true/false alerts per 

operating threshold [50], [70]. Governance also involves life-cycle monitoring, tracking 

performance, and calibration over time and across passenger segments, initiating recalibration or 
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threshold adjustments when drift is detected, and maintaining an auditable record of these 

changes [71], [72]. 

In summary, converging strands across machine learning, calibration, decision analytics, 

and operational governance provide a foundation for calibrated decision support in passenger-

service operations; however, an integration tailored to airline contexts remains underdeveloped. 

Our study addresses this gap by combining leakage-controlled modeling, isotonic calibration 

with Brier/Murphy/ECE diagnostics, decision-curve analysis, and segment-specific audits. By 

translating calibrated probabilities into net-benefit curves and workload tables, the approach 

aims to support safe, efficient, reliable, and resilient passenger services. 

3. Methodology 

3.1 Study aims and design 

We developed and evaluated a probabilistic machine-learning system to support 

operational decision-making in airline passenger-service processes. The primary aim was to 

generate well-calibrated class probabilities that can be translated into actionable workload plans 

under realistic operating constraints. Beyond discrimination, the evaluation emphasizes 

probability quality and decision-analytic utility within a prespecified policy window of threshold 

probabilities, pt ∈ [0.05, 0.15], reflecting the range typically discussed by operations managers for 

proactive interventions in queue control, staffing, and exception handling. 

We adopted a supervised-learning design with disjoint training, validation, and test 

partitions. All preprocessing specifications and candidate models were defined on the training 

set; the validation set informed model and hyperparameter selection; and the held-out test set 

was reserved exclusively for final reporting, decision-curve analysis, and workload translation. 

To prevent data leakage, all learned preprocessing artifacts (e.g., encoders, imputers, scalers) 

were fit on training data only, frozen, and then applied to validation and test features without 

refitting. Random seeds, hashing rules for splits, and software versions are recorded to enable 

exact replication (see Appendix: Runbook and Research Data Statement). 

3.2 Data and outcome 

We analyzed routinely collected passenger-service records comprising demographic 

attributes, booking characteristics (e.g., cabin class, travel type), service ratings, operational 

timings (e.g., departure/arrival processing), and flight descriptors (e.g., distance band, delay 

indicators). The binary outcome was passenger satisfaction, with the positive class defined as 

“satisfied.” The class prevalence was moderate, supporting both discrimination analysis and 

decision-analytic assessment within the policy window. Data quality controls encompassed 

schema validation, range checks, rare-level consolidation for high-cardinality categoricals, and 

predefined rules for missingness handling; full field definitions and quality checks are provided 

in the data dictionary and schema files (Appendix). 
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3.3 Feature engineering and operational segmentation 

We constructed features from the raw inputs and derived operational segments to enable 

interpretable workload reporting. Segments comprised: 

1. cabin class mapped to {economy, premium-economy, business}; 

2. travel type mapped to {business, leisure}; 

3. departure-delay band derived from departure delay in minutes using empirical 

quantiles (default tertiles, negatives truncated at zero), and 

4. distance band derived from flight distance (short/medium/long by quantiles). 

 These segments are used only for stratified analyses and do not alter the primary model 

selection. 

3.4 Modeling pipeline 

Numeric features were standardized and missing values imputed using transformers fit 

on the training set and then frozen. Categorical variables were encoded with a consistent, 

training-fit vocabulary to prevent leakage. We evaluated regularized logistic regression, random 

forests, and gradient-boosting trees (LightGBM). For each candidate, a single pipeline 

concatenated the frozen preprocessing with the estimator. Training used only the training split; 

the validation split informed model family selection. Selection emphasized ranking performance 

(ROC-AUC) while reporting F1, accuracy, and the Brier score to capture both discrimination and 

probability quality. 

3.5 Probability calibration 

Because operational policies act on predicted probabilities, we assessed and, when 

necessary, calibrated outputs on non-test data using isotonic regression. Probability quality was 

quantified by the Brier score, expected calibration error, and reliability curves, complemented by 

the Murphy decomposition when informative. The calibrated probabilities were produced on the 

held-out test set for all downstream analyses. 

3.6 Evaluation protocol 

We reported discrimination (ROC-AUC and, where helpful, PR-AUC) and probability 

quality on the test set. Threshold-based summaries focused on three pre-specified operating 

points (threshold probabilities 0.05, 0.10, and 0.15), with confusion-matrix–derived metrics 

(precision, recall, specificity, F1). The Youden index computed over a fine grid yielded a high-

specificity reference typical of screening contexts. 

3.7 Decision-analytic and operational evaluation 

Decision-curve analysis quantified net benefit relative to treat-none and treat-all strategies 

across a continuous threshold range, with emphasis on the 0.05 – 0.15 policy window. We also 

reported the difference in net benefit versus treat-none to aid interpretation and avoid scale 

compression outside the window. To link model guidance to staffing feasibility, thresholded 

probabilities were translated into daily operational workload alerts, true positives, and false 
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positives, assuming a nominal daily volume of 1,200 passenger-service cases (alternative volumes 

scale linearly). Workload was summarized overall and by operational segments (cabin class, 

travel type, delay band, distance band). Subgroup stability was assessed by comparing true- and 

false-positive rates across segments, with surface disparities that may warrant segment-specific 

thresholds, staffing adjustments, or targeted monitoring, while avoiding overinterpretation of 

very small cells. 

3.8 Reproducibility 

All steps, splitting, feature construction, preprocessing, model training, calibration, DCA, 

and workload translation, were scripted and versioned. Random seeds were fixed where 

applicable for deterministic behavior. The full run sequence and parameter settings are 

documented in an appendix runbook to facilitate exact replication. 

4. Results 

4.1 Data characteristics and class balance 

We first describe the study cohorts to contextualize subsequent performance and 

decision-analytic results. Table 1 summarizes, by split (train, validation, test), the number of 

records, number of positive cases, positive-class prevalence, overall missingness, number of 

modeled features, and concise summaries of key covariates. 

 

Table 1. Descriptive characteristics of the study cohorts by split (train, validation, test) 

split train validation test 

n_rows 66,498 16,625 25,976 

n_cols 28 28 28 

n_positive 28,816 7,204 11,403 

prevalence 0.43 0.43 0.44 

missing_rate_overall 0 0 0 

n_features 27 27 27 

Age_mean 39.38 39.46 39.62 

Age_sd 15.15 15.05 15.14 

Arrival Delay in Minutes_mean 15.32 15.03 14.74 

Arrival Delay in Minutes_sd 38.98 38.73 37.52 

Baggage handling_mean 3.63 3.63 3.63 

Baggage handling_sd 1.18 1.19 1.18 

Checkin service_mean 3.30 3.30 3.31 

Checkin service_sd 1.26 1.26 1.27 

Cleanliness_mean 3.29 3.29 3.29 

Cleanliness_sd 1.31 1.31 1.32 
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Across splits, the positive class is defined as satisfied. Cohorts show consistent class 

balance (train n = 66,498; validation n = 16,625; test n = 25,976), with a prevalence of around 43–

44%, and no observed overall missingness (0%), supporting both discrimination analysis and 

decision-curve evaluation on the held-out test set. Numeric covariates are stable across splits (e.g., 

age ≈ 39.5 ± 15 years; arrival delay ≈ 15 ± 38–39 minutes). Service-quality items such as baggage 

handling, check-in service, and cleanliness cluster around neutral-to-positive central tendencies 

(~3.3 ± 1.2–1.3 on a 1–5 scale). Categorical factors used for segmentation (e.g., cabin class, travel 

type, distance bands, delay bands) are sufficiently represented across levels to allow subgroup 

analyses without small-cell concerns. 

4.2 Model selection on the validation split 

Table 2 reports that models were trained on the training split and evaluated on the 

validation split, using the area under the ROC curve (AUC) as the primary selection criterion, 

with F1-score, accuracy, and Brier score as secondary diagnostics (higher is better, except for 

Brier). The candidates included calibrated gradient-boosted trees (LightGBM), random forest, 

and L2-regularized logistic regression. Results are summarized below. 

 

Table 2. Validation performance by model (AUC as the primary criterion; F1, accuracy, and Brier 
as secondary diagnostics; higher is better except Brier). 

model AUC F1 Acc Brier 

lightgbm 0.9952 0.9594 0.9654 0.0255 

random_forest 0.9940 0.9559 0.9623 0.0289 

logistic_l2 0.9285 0.8596 0.8805 0.0933 

 

LightGBM achieved the highest AUC (0.9952), strong classification performance (F1 = 

0.9594; accuracy = 0.9654), and the lowest Brier score (0.0255), indicating superior discrimination 

and probability quality. The random forest ranked second (AUC = 0.9940; F1 = 0.9559; accuracy 

= 0.9623; Brier = 0.0289), while logistic regression trailed (AUC = 0.9285; F1 = 0.8596; accuracy = 

0.8805; Brier = 0.0933). Accordingly, LightGBM was selected as the reference model for held-out 

testing, calibration assessment, decision-curve analysis, and workload translation within the pre-

specified policy window (pt ∈ [0.05, 0.15]). 

4.3 Operating-point performance on the held-out test split 

Using the selected calibrated LightGBM model, we evaluated thresholded performance 

on the held-out test split with emphasis on the pre-specified policy window (pt ∈ [0.05, 0.15]). 

Table 3 reports operating counts (TP, FP, TN, FN) and summary metrics (precision, recall, 

specificity, F1) at representative thresholds (0.05, 0.10, 0.15) and, for reference, at a high-

confidence Youden point (~0.42). 
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Table 3. Operating-point performance on the held-out test split (LightGBM). Counts and metrics 

are given at pt = 0.05, 0.10, 0.15, and at a high-confidence point (~0.42). 

threshold 0.05 0.10 0.15 0.42 

N 25,976 25,976 25,976 25,976 

TP 11,364 11,311 11,263 10,855 

FP 2,555 1,843 1,450 399 

TN 12,018 12,730 13,123 14,174 

FN 39 92 140 548 

prevalence 0.4390 0.4390 0.4390 0.4390 

precision 0.8164 0.8599 0.8859 0.9645 

recall 0.9966 0.9919 0.9877 0.9519 

specificity 0.8247 0.8735 0.9005 0.9726 

f1 0.8976 0.9212 0.9341 0.9582 

 

At pt = 0.05, the system achieves very high recall (0.9966), precision of 0.8164, specificity 

of 0.8247, and F1 score of 0.8976, emphasizing sensitivity for proactive screening. Increasing the 

threshold improves precision and specificity with only a modest loss in sensitivity: at pt = 0.10, 

precision reaches 0.8599, recall is 0.9919, specificity is 0.8735, and F1 is 0.9212; at pt = 0.15, 

precision is 0.8859, recall is 0.9877, specificity is 0.9005, and F1 is 0.9341. These patterns align with 

operational use, where low-to-moderate thresholds identify the most at-risk cases while 

controlling false alerts. The Youden high-confidence point (pt ≈ 0.42) yields precision of 0.9645, 

recall of 0.9519, specificity of 0.9726, and F1 of 0.9582; although outside the screening window, it 

is suitable for confirmatory or resource-intensive actions. The observed positive-class prevalence 

on test data (0.4390; n = 25,976) aligns with Section 4.1 and supports discrimination and decision-

analytic evaluation within this window. 

 

4.4 Decision-curve analysis (held-out test) 

We assessed operational utility using decision-curve analysis (DCA) over the prespecified 

policy window pt ∈ [0.05, 0.15]. The calibrated LightGBM model achieves a positive net benefit 

that is consistently above both reference strategies, treat-none (NB = 0) and treat-all, throughout 

this window, indicating value beyond naïve intervention policies. 
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Figure 1. Decision-curve analysis on the held-out test split (LightGBM). 

 Model net benefit is compared with treat-none and treat-all across threshold probabilities; 
the shaded band denotes the policy window 0.05–0.15, and the vertical guide marks pt = 0.10. 

To aid interpretation, we plot the incremental net benefit relative to the treat-none (ΔNB 

= NB_model − NB_none). Within pt ∈ [0.05, 0.15], ΔNB ranges approximately 0.424–0.433 with a 

gentle downward slope, implying that managers can choose thresholds within the window 

without materially eroding decision value. The preregistered operating point pt = 0.10 lies on the 

upper envelope of this useful region and is therefore used in Sections 4.5–4.6 for workload 

translation and segment-level audits. 

 

Figure 2. Incremental net benefit relative to treat-none (ΔNB) on the held-out test split; the 
vertical guide indicates pt = 0.10 and the shaded band denotes the policy window 0.05–0.15. 
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4.5 Workload translation and alert volumes 

To link probabilistic outputs with day-to-day operations, decision thresholds were 

mapped to expected alert volumes on the held-out test split, focusing on the prespecified policy 

window pt ∈ [0.05, 0.15]. Within this window, total alerts per day decline monotonically as the 

threshold increases, whereas the true-positive yield remains nearly constant. 

 

Table 4. Workload translation at representative operating points (alerts/day and decomposition 
into TP and FP). 

threshold 0.05 0.10 0.15 

TP 11,364 11,311 11,263 

FP 2,555 1,843 1,450 

TN 12,018 12,730 13,123 

FN 39 92 140 

alerts 13,919 13,154 12,713 

alerts_per_day 643.0 607.7 587.3 

TP_per_day 525.0 522.5 520.3 

FP_per_day 118.0 85.1 67.0 

 

At pt = 0.05, the system generates approximately 643.0 alerts/day, comprising about 525.0 

true positives and 118.0 false positives. Increasing the threshold to pt = 0.10 reduces the alert load 

to roughly 607.7 per day (≈522.5 true positives; 85.1 false positives). At pt = 0.15, the alert volume 

is approximately 587.3 per day, with about 520.3 true positives and 67.0 false positives. 

Aggregating across 0.05–0.15, the true-positive volume is stable (≈520–525 per day), while 

the false-positive volume decreases from roughly 118 to 67 per day, a reduction of about 43%. 

This pattern offers a tunable trade-off between workload intensity and unwarranted escalations. 

The preregistered operating point pt = 0.10 is therefore used in Section 4.6 for segment-level 

audits, as it preserves sensitivity while materially reducing the false-alert burden relative to pt = 

0.05. 

4.6 Segment-level workload and stability 

Segmented workloads were evaluated at the prespecified operating point pt = 0.10 using 

the operational segments defined in Section 3.3: cabin class (economy, premium-economy, 

business), distance band (short/medium/long), delay band (low/mid/high), and travel type 

(business, leisure). Figure. 3 summarizes alerts per day by cabin × distance × travel; the 

departure-delay bands are marginalized to show throughput patterns across the highest-leverage 

segments while preserving consistency with the segmentation schema in Section 3.3. 
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Figure 3. Segment-level alert volumes at pt ≈ 0.10. Bars show alerts per day by cabin class, 
distance band, and travel type (departure-delay bands marginalized); stacked components 

indicate true-positive and false-positive volumes. 

 

Three observations are salient. First, business-cabin segments concentrate the largest 

throughputs with consistently high precision. Long-haul business travel generates the highest 

workload (≈ 250 alerts/day), with most alerts being true positives, indicating efficient alerting 

where volumes are greatest. Medium- and short-haul business segments contribute substantially 

fewer alerts (≈ 80–85 alerts/day) with similarly modest false-positive shares. Second, economy-

class performance varies with distance and purpose. Economy–short (business) shows 

comparatively efficient alerting (≈ 40–45 alerts/day), whereas economy–medium (leisure) 

produces lower throughput with a higher false-positive share, suggesting candidates for 

threshold refinement or post-alert triage. Economy–long segments show low absolute volumes 

with mixed precision. Third, premium-economy segments are generally low-volume but 

heterogeneous: some business segments remain precise, whereas several leisure segments show 

elevated false-positive shares, warranting targeted governance (e.g., segment-specific thresholds 

or recalibration audits). Overall, pt ≈ 0.10 preserves stable true-positive throughput in the highest-

volume segments while revealing pockets, notably economy–medium (leisure) and selected 
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premium-economy (leisure), where modest adjustments could reduce unwarranted escalations 

without materially diminishing coverage. 

4.7 Calibration quality 

We calibrated predicted probabilities using isotonic regression fit on the validation split, 

then applied the fixed calibrator to the held-out test split (no refitting). Probability quality was 

assessed with reliability curves based on ten uniform bins with shared edges for both splits, the 

expected calibration error (ECE; L1), and the Brier score. Table 5 reports ECE and Brier scores 

pre- and post-calibration.  

Table 5. Calibration metrics (validation and held-out test). 

split n_bins ece_pre_L1 ece_post_L1 delta_ece brier_pre brier_post 

validation 10 0.0066 0.0000 -0.0066 n/a n/a 

test 10 0.0043 0.0037 -0.0006 0.0257 0.0258 

 

With uniform bins, the post-calibration reliability curves for validation and test closely 

track the identity line across the full probability range. ECE decreases after calibration on both 

splits, indicating closer agreement between predicted probabilities and observed frequencies. On 

the test split, the Brier score remains essentially unchanged, consistent with calibration primarily 

improving probability alignment rather than altering discrimination. Empirical cumulative 

distribution functions (ECDFs) further show that the predicted probabilities are concentrated 

near 0 and 1, which explains why calibration yields modest but systematic gains in loss-based 

metrics.  

 

 

Figure 4. Reliability curves with uniform bins on validation and test after isotonic calibration; 
dashed line indicates perfect calibration. 
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Figure 5. Empirical cumulative distribution functions of predicted probabilities before and after 
calibration on validation and test. 

5. Discussion 

This study examined whether calibrated machine-learning (ML) models can provide 

decision-making value for airline passenger service operations within a predefined screening 

window (threshold probabilities 0.05–0.15). Three key findings emerge. First, after isotonic 

calibration, the chosen gradient-boosting model consistently achieved positive net benefit across 

the policy window on the test set and outperformed the treat-none and treat-all strategies. This 

suggests that probability reliability, not just ranking performance, is enough to support proactive 

service-recovery screening without generating excessive false alerts. Second, converting net 

benefit into alerts per day and true and false positives per day revealed a notable trade-off: 

moving from 0.05 to 0.15 maintained nearly the same true-positive throughput while reducing 

the false-positive workload by about 40%. This tunable aspect is actionable for queue and staffing 

managers facing daily constraints. Third, segment-level audits showed stable coverage in high-

volume business-cabin flows but identified pockets—particularly economy-medium leisure and 

some premium-economy leisure segments—where false-positive shares were relatively high, 

indicating the value of segment-specific operating points or post-alert triage. 

Taken together, these results demonstrate that calibrated probabilities help close the gap 

between predictive modeling and operational control. In many transportation applications, 

thresholds are still chosen heuristically (e.g., 0.50), which can obscure the implications for 

workload and utility. In contrast, decision-curve analysis (DCA) explicitly connects threshold 

choice to the relative costs of false positives versus false negatives and shows where model-

guided actions provide more benefit than harm. When combined with workload translation, 

managers can select thresholds that meet staffing limits while maintaining sensitivity to at-risk 

passengers. In this study, the nearly flat net-benefit curve within 0.05–0.15 suggests a forgiving 

operating region: small threshold adjustments can handle daily capacity fluctuations with 

minimal impact on decision value. 
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The calibration results also clarify why the decision value materialized. Reliability curves 

and small post-calibration ECE on validation and test indicate that predicted risks aligned with 

empirical frequencies across most of the probability range. Under such conditions, the Murphy 

decomposition and Brier score signal that residual loss is dominated by irreducible uncertainty 

rather than systematic miscalibration. The operational implication is straightforward: when a 

predicted dissatisfaction risk is, say, 10%, roughly one in ten similar future cases will indeed be 

dissatisfied. This frequency-faithful property is precisely what threshold-based workflows 

(screen-or-not, escalate-or-not) require planning capacity with confidence. 

Segmented workload analysis advances governance. Passenger services are 

heterogeneous by cabin, distance, delay conditions, and travel purpose. A single global threshold 

can mask unequal error burdens, potentially leading to perceived inequities (e.g., more frequent 

unwarranted escalations for some segments). The audit here suggests two governance levers: (i) 

modest segment-specific thresholds in identified pockets to cap false-positive shares without 

materially eroding true-positive yield; and (ii) lightweight post-alert triage rules (e.g., secondary 

checks using readily available operational cues) to filter discretionary escalations. Because the 

model’s overall net benefit was stable across the window, these levers can be deployed without 

destabilizing system-level performance. 

From a transport-systems perspective, the contribution is twofold. Methodologically, the 

study demonstrates how leakage-controlled training, post-hoc isotonic calibration, decision-

curve analysis, and workload translation form an integrated evaluation that goes beyond 

discrimination. Operationally, the pipeline ties model outputs to staffing and queue management 

through interpretable units (alerts/day, TP/FP/day) and supports resilience, as thresholds can 

be revisited when demand, crew availability, or disruption patterns shift. The framework also 

interfaces naturally with safety and reliability objectives: positive net benefit within the chosen 

window implies fewer missed opportunities for early service recovery at a controlled false-alert 

burden. 

Several limitations merit discussion. First, the analysis used one institution’s historical 

records with a fixed nominal daily volume for workload conversion; while volumes scale linearly, 

external validation on other routes, seasons, and airports is necessary before broad deployment. 

Second, the cost ratio implicit in the DCA threshold was not monetized; the 0.05–0.15 window 

reflects operational practice rather than an explicit utility model. Future work could elicit context-

specific cost/benefit parameters and compare DCA-selected thresholds with those from cost-

minimizing decision analysis. Third, calibration was performed once (validation-trained isotonic 

mapping applied to test). In production, drift monitoring with periodic recalibration (e.g., 

intercept/slope updates or re-fitting isotonic on fresh non-test data) is recommended, together 

with auditable threshold logs. Fourth, segment-level findings, while operationally informative, 
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may reflect varying sample sizes; intervals around segment metrics should be tracked, and very 

small cells should be pooled. Finally, we did not evaluate uncertainty for net-benefit curves (e.g., 

confidence bands); adding inference for DCA would quantify the stability of strategy dominance 

over time. 

Two extensions appear especially promising. The first is adaptive thresholding: coupling 

the near-flat net-benefit region with daily capacity targets to compute thresholds that maintain a 

desired alert budget (e.g., via a small feedback controller using recent alert counts). The second 

is governance dashboards: embedding reliability plots, DCA, and segment workload panels into 

an operations console so that managers can jointly review calibration, decision value, and 

workload, facilitating transparent, data-driven threshold updates and proactive staffing plans. 

In summary, calibrated ML, combined with decision-analytic evaluation, provided 

actionable, governance-ready decision support for passenger service operations. The approach 

balanced sensitivity to at-risk passengers with manageable false-alert workload, identified 

segment pockets for refinement, and offered a practical path to sustained, resilient queue and 

staffing control. 

6. Conclusions 

This study demonstrates that well-calibrated ML models can deliver consistent decision 

value for airline passenger-service operations within an operationally justified screening 

window. On a held-out test set, the calibrated gradient-boosting model achieved positive net 

benefit across 0.05–0.15 and, when translated to workload, maintained stable true-positive 

throughput while reducing false-positive alerts as thresholds increased. Segment-level audits 

highlighted where modest segment-specific thresholds or post-alert triage can curb unwarranted 

escalations without materially sacrificing coverage. 

Contributions. (i) An integrated, leakage-controlled pipeline linking calibration 

(Brier/Murphy/ECE) to decision-curve analysis and workload translation; (ii) an operational 

recipe to choose thresholds in interpretable units (alerts/day, TP/FP/day) for queue and staffing 

decisions; and (iii) a governance lens via segment audits to promote fair and stable service levels. 

Limitations and impacts. Results derive from one institutional dataset and a fixed nominal 

daily volume; cost ratios were not monetized, and DCA inference was not reported. Despite these 

limits, the framework advances safety, efficiency, reliability, and resilience by enabling proactive, 

auditable service-recovery screening with controllable workload. 

Future work. Priorities include external validation across airports/seasons, drift-aware 

recalibration and adaptive thresholding tied to daily capacity, monetized utility analyses, and 

governance dashboards that integrate calibration, DCA, and workload panels for routine 

managerial review. 
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ACI Airports Council International 
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DCA Decision Curve Analysis 

ECE Expected Calibration Error 

F1 F1-score (harmonic mean of precision and recall) 

FN False Negative 

FP False Positive 

ICAO International Civil Aviation Organization 

IRB Institutional Review Board 

ML Machine Learning 

NB Net Benefit 

PR-AUC Area Under the Precision–Recall Curve 

ROC Receiver Operating Characteristic 

ROC-AUC Area Under the ROC Curve 

SD Standard Deviation 

SHAP Shapley Additive Explanations 

TN True Negative 

TP True Positive 
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