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Abstract: Tourism entrepreneurship in island destinations depends on reliable transport access because disruptions can quickly 

affect customer flows, bookings, cash flow, staffing, procurement, supplier commitments, and service delivery. This study evaluates 

whether abnormal air-passenger decline can function as an upstream entrepreneurial risk signal for tourism enterprises and whether 

interpretable machine learning adds decision value beyond simple operational rules. Civil Aviation Authority of the Philippines 

records for 2018-2025 were transformed into 714 observed gateway-months across eight tourism gateways, with blank cells 

retained as unobserved and explicit no-flight records coded as zeros. Models trained on 2018-2021 data were tested out of time on 

2022-2025 observations against persistence and seasonal-naive baselines. Severe access-stress exposure was strongly negatively 

associated with tourism direct gross value added share of GDP (Spearman rho = -0.952, p < 0.001), while passenger growth was 

positively associated with TDGVA growth (rho = 0.929, p = 0.003); these annual associations are exploratory and pandemic-

dominated. Random forest ranked next-month stress risk well (AUC = 0.940), but persistence achieved the higher F1 score (0.708 

versus 0.400). SHAP showed that passenger scale, volatility, and momentum drove predictions. The findings support a hybrid 

entrepreneurial decision-support approach: machine learning for prioritization and onset surveillance, persistence for ongoing 

episodes, and local booking, revenue, occupancy, and operating indicators for action. The study positions interpretable AI as a 

managerial tool for tourism-enterprise resilience rather than as an end in itself. 
Keywords: tourism entrepreneurship; tourism enterprises; MSME resilience; entrepreneurial risk; island destinations; air access; 

business continuity; interpretable machine learning; SHAP; decision support 
 

1. Introduction 
Island and archipelagic destinations depend on transport access to convert tourism interest into actual visits, 

transactions, and service consumption. In the Philippines, air gateways connect source markets with hotels, 

restaurants, tour operators, transport providers, local attractions, and other tourism enterprises. A sudden decline in 

gateway traffic can therefore become an entrepreneurial and operating shock: rooms and tour capacity cannot be 

stored, staffing schedules are difficult to reverse at short notice, and procurement, supplier orders, pricing, promotions, 

working-capital needs, and local transport demand may all respond to changing visitor flows. Air access is thus not 

equivalent to tourism demand, but it is an enabling condition through which tourism entrepreneurs can reach customers 

and realize revenue [1, 2, 3]. 
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This distinction matters for tourism-enterprise resilience. A high-volume gateway is not necessarily resilient, 

and a stable passenger series is not by itself evidence that entrepreneurs, workers, and destination businesses can 

absorb and recover from disruption. The concern is especially important for small tourism firms with limited staffing, 

inventory, liquidity, and market-diversification buffers. Recent tourism resilience research increasingly treats 

resilience as a dynamic, multidimensional process of resistance, adaptation, organizational learning, and recovery over 

time rather than as a fixed destination attribute [4, 5, 6]. This process is shaped by crisis-management capacity, 

structural conditions, policy support, and the ability of tourism enterprises to adjust strategies under uncertainty [7, 8, 

6]. 
The second problem is methodological and managerial. Predictive models can appear strong when they are 

compared only with other machine-learning algorithms, yet entrepreneurs need tools that improve decisions relative 

to transparent, low-cost rules. Passenger movement is autocorrelated and shock episodes often persist across 

consecutive months, so a simple rule such as “next month will remain stressed if this month is stressed” can be difficult 

to beat. Without persistence and seasonal-naive baselines, high AUC or F1 values may overstate the practical 

contribution of machine learning. Recent tourism studies use interpretable machine learning while keeping tourism 

demand or performance as the substantive outcome [9, 10]. In the present study, model-attribution outputs are 

interpreted as predictive associations that support managerial judgment rather than as causal effects or automated 

business instructions. 
The substantive contribution is to test whether abnormal air-access stress functions as an upstream tourism-

enterprise risk signal rather than merely as an aviation anomaly. The empirical design asks whether such a signal can 

be detected one month ahead, whether interpretable machine learning adds value beyond simple operational rules, and 

whether the aggregate signal co-varies with official tourism-economic performance. To answer these questions, the 

study reconstructs a multi-year gateway-month panel from public aviation records, benchmarks three machine-

learning models against persistence and seasonal-naive rules, uses SHAP for case-level explanations, evaluates cross-

gateway transferability, and validates annual access-stress indicators against Philippine Tourism Satellite Account 

outcomes. This design places predictive analytics in the service of entrepreneurial market intelligence, operating 

continuity, resource allocation, and recovery planning. It also demonstrates how entrepreneurship research can convert 

public administrative data into decision support for tourism enterprises while maintaining clear boundaries between 

macro-level signals and firm-level outcomes. 
Accordingly, this study addresses four research questions: 
RQ1: How did abnormal air-access stress evolve across selected Philippine tourism gateways from 2018 to 

2025? 
RQ2: How much one-month-ahead predictive value do machine-learning models add over persistence and 

seasonal-naive baselines for enterprise-oriented risk monitoring? 
RQ3: Which observable operating conditions drive random-forest predictions according to SHAP, and how 

transferable are the learned relationships across gateways? 
RQ4: Do aggregate air-access stress patterns co-vary with tourism-specific economic outcomes relevant to the 

operating environment of tourism enterprises? 

2. Literature Review and Conceptual Framework 

2.1. Air Access, Tourism Enterprises, and Market Operations 
The relationship between aviation and tourism is reciprocal and has direct implications for entrepreneurial 

market access. Papatheodorou [1] reviews how air services and tourism demand co-evolve through accessibility, 

market development, and policy. Mazzola et al. [2] show that air transport is closely linked to tourism flows in island 

settings, while Tang et al. [3] estimate positive tourism effects from international air-route expansion. For the Azores, 

Silveira et al. [11] demonstrate how air-transport liberalization altered travel and tourism patterns. In an archipelago, 

air transport may be the only time-efficient option for long-haul visitors and short stays, making gateway performance 

part of the market infrastructure on which tourism ventures depend. 
For entrepreneurs and managers, the value of gateway information arises from timing. Passenger movement 

does not identify travel purpose and includes residents, workers, business travelers, visiting friends and relatives, and 

leisure tourists. Nevertheless, abrupt access changes can alter the pool of potential customers and affect booking 

expectations, cancellation exposure, staffing, inventory, supplier orders, transport coordination, pricing, promotional 
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timing, and short-term cash-flow planning. The useful construct is therefore not “tourism demand measured by airport 

passengers,” but “air-access stress as an upstream market-access signal for tourism-enterprise decisions.” 

2.2. Tourism-Enterprise Resilience as a Shock-Response-Recovery Process 
The conceptual lineage of resilience distinguishes persistence from adaptive change. Holling [12] framed 

ecological resilience as the capacity of a system to persist under disturbance rather than simply return rapidly to 

equilibrium. Folke et al. [13] extended this perspective by emphasizing adaptability and transformability in social-

ecological systems. Tourism scholarship has adopted this process view: Wang et al. [4] document the field’s shift from 

recovery-centered definitions toward resistance, adaptation, and restructuring, while Liu et al. [5] develop a tourism 

and hospitality management framework organized around resilience and recovery processes. From an entrepreneurship 

perspective, resilience also concerns how firms protect essential operations, learn from shocks, reconfigure resources, 

and preserve market relationships. Duro et al. [14] show that tourism impacts and recovery are territorially 

heterogeneous; Bertella [15] emphasizes organizational learning paths during crisis; and Estiri et al. [7] examine policy 

responses supporting tourism-SME resilience. Hall et al. [16], Lee and Pennington-Gray [17], Smolčić Jurdana and 

Agbaba [8], and Qu et al. [6] further emphasize transitions, crisis-management capability, measurement, and 

actionable interventions. 
The shock-response-recovery perspective adopted here is grounded in disaster, infrastructure, and economic 

resilience measurement. Bruneau et al. [18] formalize resilience as time-varying system performance after disruption, 

while Rose [19] develops complementary economic-resilience concepts centered on loss reduction and recovery. 

Building on this lineage, the study characterizes an access shock by the depth of performance loss, duration of impaired 

functioning, cumulative loss, and movement toward a recovery threshold. These quantities are applied narrowly to the 

access layer and interpreted as conditions in the external operating environment of tourism enterprises. Recovery 

months retrospectively describe observed passenger movement after a detected event; they are not predicted and are 

not interpreted as full destination recovery, firm recovery, or venture survival. 

2.3. Interpretable Machine Learning and Entrepreneurial Decision Support 
Tourism forecasting studies increasingly combine non-linear methods with data that reflect the timing and 

context of demand. Viverit et al. [20] use machine learning to cluster hotel booking curves before forecasting demand. 

Contessi et al. [21] propose an interpretable hotel-occupancy forecasting design that uses principal component analysis 

to compress booking-curve information. Huang and Zhang [22] evaluate an iTransformer for daily tourism demand, 

whereas Hu et al. [23] incorporate short-video information into forecasting. Lee [24] integrates web-search data into 

a SARIMAX model, and Vasenska [25] benchmarks machine-learning and deep-learning models using economic 

indicators. For entrepreneurship and industry management, the relevance of these methods lies not in algorithmic 

novelty alone, but in whether available information can improve market sensing, contingency planning, and resource 

decisions before the forecast horizon. 
Interpretability is essential when analytical systems are intended for entrepreneurial and managerial use. Hou 

and Wang [26] propose a VSN-xLSTM model whose variable-selection mechanism exposes predictive drivers. Ghosh 

[9] uses XGBoost with SHAP and accumulated local effects to explain constraints on inbound tourism demand, while 

Oruç Erdoğan et al. [10] apply machine learning and SHAP to international tourism demand and environmental 

indicators. These precedents are methodologically relevant because the model serves a substantive management 

problem and attribution is treated as predictive explanation rather than causal effect. Interpretability is also distinct 

from ordinary feature importance: managers need to know whether a high-risk signal is associated with declining year-

on-year traffic, rising volatility, a low passenger base, or another observed condition before translating the warning 

into staffing, inventory, supplier, pricing, or communication decisions. 
Benchmarking is equally important for responsible entrepreneurial decision support. Persistence is a natural 

competitor when stress episodes span several months, while a seasonal-naive rule tests whether recurring calendar 

patterns are sufficient. A machine-learning model should therefore be judged not only by discrimination but also by 

whether its threshold-level precision, recall, and F1 improve on simple, transparent, and inexpensive rules. This study 

treats a failure to beat a naive baseline as a substantive result rather than hiding it, because an entrepreneur should not 

adopt a more complex system unless it adds practical value or provides explanations unavailable from the simpler 

alternative. 
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2.4. Entrepreneurship-Centered Conceptual Model 
Figure 1 summarizes the entrepreneurship-centered conceptual model. The access layer generates market and 

operating signals from passenger scale, carrier structure, momentum, volatility, and seasonality. A one-month risk 

model converts these inputs into a predicted probability of severe access stress. SHAP and cross-gateway validation 

assess interpretation and transferability. The enterprise-decision layer shows how a warning may prompt review of 

bookings, staffing, inventory, supplier commitments, capacity, cash-flow exposure, and continuity arrangements. The 

tourism-economic layer then asks whether aggregate access stress co-varies with measured tourism outcomes. The 

boundary shown at the bottom of the figure is central: access monitoring can support entrepreneurial judgment but 

cannot substitute for tourist arrivals, bookings, occupancy, sales, expenditure, or firm-level performance data. 

 
Figure 1. Entrepreneurship-centered conceptual framework linking air-access stress, one-month risk 

modeling, interpretable machine learning, tourism-enterprise decisions, and external tourism-economic validation. 

3. Materials and Methods 

3.1. Research Design 
The study used a longitudinal, secondary-data design with the gateway-month as the primary unit of analysis. 

The empirical workflow contained five stages: (1) extract and harmonize monthly passenger and operator records; (2) 

identify observed versus unobserved months; (3) calculate access-stress events relative to gateway-specific same-

month history; (4) evaluate one-month-ahead classification models against naive baselines; and (5) externally validate 

annual access indicators against PTSA outcomes. The design is predictive and diagnostic, not causal. Its intended 

management function is to develop an upstream risk-screening signal that can be combined with local enterprise data 

rather than to estimate firm-level demand, revenue, or survival. 

3.2. Data Sources 
Table 1 separates data actually used in this study from possible future extensions. The primary access panel 

came from annual aircraft, passenger, and cargo movement workbooks published by the Civil Aviation Authority of 

the Philippines [27]. Tourism-specific outcomes came from the Philippine Statistics Authority (PSA) Philippine 

Tourism Satellite Account statistical tables [28]. A short-window tropical-cyclone layer from NOAA IBTrACS [29] 

and airport coordinates from OurAirports [30] were retained only as a pilot extension and were excluded from headline 

model estimates because the available cyclone subset covered 2023-2025 rather than the full 2018-2025 panel. 
 

 

 



961 

Table 1. Public data sources used in the study. 
Source Study window Variables Role in analysis 

CAAP annual 

movement 

workbooks 

2018-2025 Monthly passenger 

movement by airport and 

operator 

Primary gateway-

month access panel 

PSA Philippine 

Tourism Satellite 

Account 

2018-2025 subset TDGVA growth; TDGVA 

share of GDP; tourism 

employment share 

External tourism-

outcome validation 

NOAA IBTrACS 

v04r01 
2023-2025 pilot 

subset 
Cyclone track position and 

intensity observations 
Pilot extension; 

excluded from 

headline model 

OurAirports open 

data 
Current 

coordinate file 

used in pilot 

Airport latitude and 

longitude 
Spatial join for 

cyclone pilot 

3.3. Gateway Selection and Missingness Protocol 
The analysis covers eight tourism-relevant gateways that could be consistently matched across CAAP 

workbooks: Bacolod, Bohol/Panglao, Boracay/Caticlan, Davao, Iloilo, Kalibo, Laguindingan/Cagayan de Oro, and 

Siargao. The selection is a data-availability sample, not a census of Philippine airports. Airport sections with 

international and domestic subsections were combined at gateway level, and operator names were standardized before 

aggregation. 
A conservative reporting protocol was applied. A gateway-month was treated as observed when at least one cell 

in the corresponding gateway section contained a numeric value or an explicit no-flight statement. Explicit text such 

as “No Commercial flight due to COVID-19 PANDEMIC” was coded as an observed zero because the source directly 

reported no passenger movement. Blank cells were retained as unobserved and did not generate zero-passenger 

records. Within an observed gateway-month, blank cells for individual operators were treated as no recorded activity 

for that operator. This distinction is important because the 2024 and 2025 workbooks contain uneven reporting 

windows across gateways. 
After this protocol, the panel contained 714 observed gateway-months and 95,660,648 reported passengers. The 

data were unbalanced: Davao, Iloilo, and Bacolod each contributed 96 observed months, while other gateways had 

shorter series because of source availability. General aviation and military rows were excluded from commercial 

passenger totals and carrier concentration measures. 

3.4. Access-Stress and Recovery Characterization 
For gateway g in month t, expected passenger movement was defined as the median of up to five previous 

observations for the same gateway and calendar month, with a minimum of two historical observations required. This 

same-month baseline reduces ordinary seasonality without fitting a high-parameter time-series model to a small 

number of annual cycles. Shock depth was calculated as: 
ShockDepth(g,t) = [Passengers(g,t) - Expected(g,t)] / Expected(g,t), (1) 

A gateway-month was classified as severe access stress when shock depth was less than or equal to -0.30. The 

threshold indicates at least a 30% shortfall relative to historical same-month expectation. The mathematical minimum 

of the ratio is -1.00 when recorded passengers equal zero and the expected baseline is positive; no clipping rule was 

applied. Consecutive severe-stress months formed an event only when they were adjacent calendar months. A gap in 

source reporting ended the event sequence. 
Recovery was characterized descriptively as the first subsequent observed month in which passenger movement 

reached at least 90% of its same-month expected value. This variable is retrospective and is used only to describe 

event trajectories. The study does not claim to predict recovery time. 
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3.5. One-Month Prediction Task, Baselines, and Models 
The prediction task estimated whether severe access stress would occur in the next observed calendar month. 

A target was created only when the exact next calendar month was available; row-wise shifting across reporting gaps 

was not permitted. Predictors available at warning time were log passenger movement, active carrier count, carrier 

HHI, year-on-year passenger growth, month-on-month passenger growth, rolling three-month volatility of log 

passenger movement, and sine and cosine terms for calendar seasonality. Carrier diversity was omitted because it is 

deterministically related to HHI. 
The development period covered 2018-2021 (n = 360 usable records; 155 positive targets), and the out-of-time 

evaluation period covered 2022-2025 (n = 341; 20 positive targets). The split intentionally places the post-pandemic 

recovery and recent operating period entirely outside model training. A stricter 2024-2025 sensitivity holdout was also 

examined, but it contained only three positive targets and is therefore not used for headline claims. 
Three models were compared: class-balanced logistic regression, a class-balanced random forest, and gradient 

boosting fitted with balanced sample weights. Missing predictor values were imputed using medians estimated from 

the training period only. No test-period values were used for imputation or model fitting. Model probabilities were 

converted to binary warnings at a 0.50 threshold. 
Two naive baselines were evaluated on the same test observations. The persistence baseline predicted next-

month’s stress when the current month was already in stress. The seasonal-naive baseline predicted next-month stress 

when the same gateway had been in stress in the corresponding target month one year earlier. These rules test whether 

autocorrelation and recurring seasonality explain most of the apparent predictive skill. 

3.6. Performance, Uncertainty, Transferability, and SHAP 
Performance was reported using area under the receiver operating characteristic curve (AUC), average precision 

(AP), balanced accuracy, precision, recall, and F1. Gateway-cluster bootstrap confidence intervals were generated by 

resampling the eight gateways with replacement 500 times, preserving within-gateway temporal dependence. Because 

the number of clusters is small, the intervals are interpreted as descriptive uncertainty bands rather than exact 

frequentist coverage guarantees. 
Spatial transferability was assessed through leave-one-gateway-out validation. For each gateway, the random 

forest was trained on all other gateways through 2021 and evaluated on the held-out gateway during 2022-2025. AUC 

was not reported when a held-out gateway contained no positive test events. This design directly tests whether the 

model can transfer beyond gateway-specific baselines. 
SHAP values were computed for the random forest. Global importance was measured by mean absolute SHAP 

value across the out-of-time test set. Local explanations were then extracted for two correctly identified stress onsets 

and one missed onset, allowing the analysis to show not only which variables mattered overall, but why specific 

warnings succeeded or failed. Consistent with recent tourism applications of SHAP, the values are used as model-

attribution measures for prediction explanation rather than as estimates of causal effects [9, 10]. 

3.7. External Tourism-Economic Validation 
To assess whether the access-side signal is connected to the broader operating environment of tourism 

enterprises, annual access indicators were merged with official PTSA outcomes for 2018-2025 [28]. The access 

indicators were the share of observed gateway-months classified as severe stress, annual passenger growth, and mean 

shock depth. The tourism outcomes were PTSA Tourism Direct Gross Value Added (TDGVA) growth, TDGVA share 

of GDP, and tourism employment share. Spearman rank correlations were used because the validation layer contains 

only eight annual observations and includes the exceptional COVID-19 shock. Sample sizes vary across predictor-

outcome pairs because of variable construction: stress-month share is available for all eight years, annual passenger 

growth is undefined for the first panel year and therefore uses seven observations, and mean shock depth requires at 

least two historical same-month observations and therefore uses six years. Four focal correlations are reported without 

multiplicity correction and are treated as exploratory associations. These associations are convergent validity checks 

at the tourism-economy level and should not be read as causal estimates, gateway-level relationships, or direct 

measures of enterprise performance. 
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3.8. Pilot Tropical-Cyclone Layer 
A 2023-2025 NOAA IBTrACS subset [29] was spatially joined to gateway coordinates from OurAirports [30] 

using a 300 km radius to demonstrate how cyclone exposure could be added to the framework. Because the pilot 

window does not cover the full modeling period, cyclone variables were excluded from the primary model and from 

headline performance estimates. The pilot is retained only to document an extensible climate-risk pathway for future 

work with the complete historical IBTrACS record. 

4. Results 

4.1. Corrected Panel and Access-Stress Trajectories 
The corrected panel contains 714 observed gateway-months, rather than a mechanically balanced 8 × 96 matrix. 

The selected gateways recorded 95.66 million passengers from 2018 to 2025. Davao accounted for the largest 

cumulative total (25.80 million), followed by Iloilo (16.44 million) and Laguindingan/Cagayan de Oro (12.08 million). 

Table 2 reports both scale and coverage so that large totals are not interpreted without considering unequal observation 

windows. 
Table 2. Corrected gateway panel summary, 2018-2025. 

Gateway 
Observed 

months 

Reported 

passengers 

Mean monthly 

passengers 

Mean active 

carriers 
Mean HHI 

Davao 96 25,802,111 268,772 7.35 0.334 

Iloilo 96 16,440,480 171,255 4.48 0.375 

Laguindingan/Cagayan de 

Oro 
87 12,076,603 138,812 4.00 0.376 

Boracay/Caticlan 77 11,612,126 150,807 5.22 0.399 

Bacolod 96 11,403,071 118,782 3.75 0.384 

Bohol/Panglao 76 7,908,112 104,054 5.33 0.327 

Kalibo 94 7,591,168 80,757 6.54 0.299 

Siargao 92 2,826,977 30,728 2.49 0.499 

 
Figure 2. Reported passenger movement across selected Philippine tourism gateways, 2018-2025. Missing 

gateway-months are not plotted as zeros. 
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The dominant system-wide stress occurred during 2020-2021, but the corrected event logic also detected later 

gateway-specific episodes. Twenty severe-stress events were identified. The longest continuous events were observed 

in Davao (25 months, March 2020-March 2022), Bacolod and Laguindingan/Cagayan de Oro (24 months each), and 

Kalibo (22 months, July 2020-April 2022). In later years, the principal severe episodes were shorter and more 

localized, including Kalibo in early 2023 and May-July 2025. Figure 3 shows that the share of observed months in 

severe stress fell sharply after 2022, while remaining non-zero for specific gateways. 

 
Figure 3. Share of observed months classified as severe air-access stress by gateway and year. Blank cells 

indicate that a gateway-year lacked sufficient historical baseline information or source coverage for the relevant 

calculation. 

4.2. Out-of-Time Model and Baseline Performance 
Table 3 answers RQ2. Random forest produced the strongest AUC (0.940) and highest AP (0.537) among the 

machine-learning models, with a gateway-cluster bootstrap AUC interval of [0.877, 0.990]. Gradient boosting 

achieved similar discrimination (AUC = 0.931), while logistic regression achieved AUC = 0.911. However, 

discrimination did not translate into superior threshold-level classification. The persistence baseline achieved 

precision = 0.607, recall = 0.850, and F1 = 0.708, substantially above the random-forest F1 of 0.400. 
Table 3. Out-of-time one-month access-stress performance, 2022-2025. 

Model 
AUC (95% cluster 

bootstrap CI) 
AP 

Balanced 

accuracy 
Precision Recall F1 

Logistic regression 0.911 [0.833, 0.974] 0.418 0.745 0.255 0.600 0.358 

Random forest 0.940 [0.877, 0.990] 0.537 0.794 0.280 0.700 0.400 

Gradient boosting 0.931 [0.871, 0.987] 0.537 0.796 0.227 0.750 0.349 

Persistence baseline 0.908 [0.868, 0.988] 0.525 0.908 0.607 0.850 0.708 

Seasonal-naive baseline 0.789 [0.710, 0.878] 0.148 0.789 0.163 0.850 0.274 
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Figure 4. Out-of-time AUC, average precision, and F1 for the three machine-learning models and two naive 

baselines. 
The baseline comparison changes the interpretation of the model. Random forest improved ranking 

discrimination over persistence (AUC 0.940 versus 0.908) and produced slightly higher average precision (0.537 

versus 0.525), but persistence was substantially better at the fixed 0.50 operating point. The gateway-cluster bootstrap 

confidence intervals overlapped substantially (random forest [0.877, 0.990]; persistence [0.868, 0.988]), so the 

numerical AUC advantage should not be interpreted as a clearly separated performance gain. Seventeen of the 20 

positive test targets (85%) were continuations of already active stress episodes, which explains why persistence was 

difficult to beat. The machine-learning contribution is therefore best described as incremental risk ranking and 

explanatory diagnostics, not operational superiority over a simple rule. 
The strict 2024-2025 sensitivity period contained 150 usable observations but only three positive targets. 

Random forest achieved AUC = 0.950 but F1 = 0.167. The very small number of positive events makes this recent-

period estimate unstable; it is reported only as a sensitivity check and is not used as the headline result. 

4.3. Test-Event Composition and Cross-Gateway Transferability 
Appendix A lists every positive target month in the 2022-2025 test period, including whether stress was already 

active at the warning month. This disclosure shows that most positives were multi-month continuations rather than 

new onsets. The three true onsets were Kalibo in January 2023, Siargao in July 2022, and Kalibo in May 2025. The 

random forest correctly warned the latter two but missed the Kalibo January 2023 onset at the 0.50 threshold. The 

transferability was mixed. AUC exceeded 0.95 for Bacolod, Bohol/Panglao, Davao, Iloilo, and Laguindingan/Cagayan 

de Oro when both classes were present. Kalibo and Siargao were more difficult, with AUC values of 0.756 and 0.771, 

respectively. Boracay/Caticlan had no positive test targets, so AUC was undefined. Threshold behavior was also 

uneven: the Siargao model recovered all five positives but generated many false alarms, whereas the Davao model 

failed to classify positive at the 0.50 threshold. These results caution against assuming that a pooled model 

automatically transfers across destinations. 
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Table 4. Leave-one-gateway-out random-forest validation. 

Held-out gateway Test n 
Positive 

targets 
AUC Precision Recall F1 

Bacolod 47 1 0.957 0.250 1.000 0.400 

Bohol/Panglao 39 1 0.974 0.167 1.000 0.286 

Boracay/Caticlan 30 0 n/a 0.000 0.000 0.000 

Davao 47 2 0.956 0.000 0.000 0.000 

Iloilo 47 2 1.000 0.500 1.000 0.667 

Kalibo 47 8 0.756 0.227 0.625 0.333 

Laguindingan/Cagayan de Oro 38 1 1.000 0.500 1.000 0.667 

Siargao 46 5 0.771 0.135 1.000 0.238 

4.4. SHAP Explanations 
Figure 5 addresses RQ3. Mean absolute SHAP values show that log passenger movement was the leading global 

driver, followed by recent three-month volatility and year-on-year growth. Month-on-month growth, active carriers, 

and carrier HHI contributed less, while calendar seasonality terms were comparatively small. The ranking indicates 

that the model primarily learned scale, instability, and momentum patterns rather than a simple seasonal calendar rule. 

 
Figure 5. Global random-forest feature importance measured by mean absolute SHAP value on the 2022-

2025 out-of-time test set. 
The local explanations illustrate why case-level interpretation matters. For the Siargao June 2022 warning, low 

passenger scale and strong year-on-year change pushed the July 2022 stress probability upward to 0.774. For Kalibo 

April 2025, recent volatility and negative year-on-year growth were the strongest positive contributors, producing a 

risk of 0.787. The missed Kalibo December 2022 onset had a predicted probability of 0.454: low recent volatility 

reduced the score even though passenger scale and year-on-year growth pushed it upward. SHAP therefore helps 

diagnose both successful and failed warnings, but it does not establish causal mechanisms. 
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Table 5. Local SHAP explanations for two detected onsets and one missed onset. 

Gateway 
Warning 

month 

Target 

month 

Predicted 

risk 
Class Rank Local driver 

SHAP 

contribution 

Siargao 2022-06 2022-07 0.774 1 1 Log passengers +0.213 

Siargao 2022-06 2022-07 0.774 1 2 YoY growth +0.047 

Siargao 2022-06 2022-07 0.774 1 3 Active carriers +0.039 

Siargao 2022-06 2022-07 0.774 1 4 Carrier HHI -0.029 

Kalibo 2025-04 2025-05 0.787 1 1 3-month volatility +0.141 

Kalibo 2025-04 2025-05 0.787 1 2 YoY growth +0.097 

Kalibo 2025-04 2025-05 0.787 1 3 Log passengers +0.069 

Kalibo 2025-04 2025-05 0.787 1 4 MoM growth -0.031 

Kalibo 2022-12 2023-01 0.454 0 1 3-month volatility -0.138 

Kalibo 2022-12 2023-01 0.454 0 2 Log passengers +0.119 

Kalibo 2022-12 2023-01 0.454 0 3 Active carriers -0.031 

Kalibo 2022-12 2023-01 0.454 0 4 YoY growth +0.027 

4.5. External Tourism-Economic Validation: Access Stress as an Enterprise-Environment Risk 

Signal 
RQ4 asks whether the access-side signal is related to tourism-specific economic conditions relevant to the 

operating environment of tourism enterprises. Across the eight annual observations, the share of gateway-months in 

severe stress was strongly and negatively associated with TDGVA share of GDP (Spearman rho = -0.952, p < 0.001) 

and negatively associated with tourism employment share (rho = -0.708, p = 0.050). Annual selected-gateway 

passenger growth was strongly and positively associated with TDGVA growth (rho = 0.929, p = 0.003). Mean shock 

depth was also positively associated with TDGVA growth (rho = 0.886, p = 0.019). The reported sample sizes differ 

because stress-month share is available for 2018-2025 (n = 8), annual passenger growth is undefined for 2018 (n = 7), 

and mean shock depth is unavailable for 2018-2019 because the same-month baseline requires sufficient prior-year 

observations (n = 6). Because four focal correlations were examined without adjustment for multiple comparisons, the 

results are interpreted as exploratory rather than confirmatory. 
Table 6. Selected external tourism-outcome validation associations. 

Access indicator Tourism outcome n Spearman ρ p-value 

Stress-month share TDGVA share of GDP 8 -0.952 <0.001 

Stress-month share Tourism employment share 8 -0.708 0.050 

Annual passenger growth TDGVA growth 7 0.929 0.003 

Mean shock depth TDGVA growth 6 0.886 0.019 

The validation results support the interpretation of air-access stress as a tourism-enterprise-environment risk 

signal, but the evidence is deliberately bounded. The eight annual observations are dominated by the 2020-2021 

pandemic collapse and operate at national PTSA scale, whereas the access panel is built from eight gateways. The 

correlations therefore provide convergent rather than causal, gateway-specific, or firm-level validation. They justify 

linking the aviation signal to the economic environment in which tourism enterprises operate, but not treating 

passenger movement as a complete measure of customer demand, sales, profitability, cash flow, or entrepreneurial 

resilience. 
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Figure 6. External validation of annual severe access-stress share against the tourism direct gross value added 

share of GDP, 2018-2025. The fitted line is descriptive; the association is not a causal estimate. 

5. Discussion 

5.1. Theoretical Contribution: Access Stress as an Upstream Tourism-Enterprise Risk Signal 
The central theoretical contribution is a boundary clarification. Air access is neither full destination resilience 

nor direct enterprise demand; it is an upstream market and operating condition that can transmit disruption into tourism 

ventures and local entrepreneurial ecosystems. Papatheodorou [1] and Mazzola et al. [2] position accessibility as a 

key enabling condition for tourism, particularly where island systems depend on air links. Hall et al. [16] and Qu et 

al. [6] emphasize transitions, recovery trajectories, and actionable responses following disturbance. The shock-

response-recovery framing is therefore more useful than a single composite gateway score because it observes when 

performance departs from a gateway-specific baseline, how long stress persists, and whether access recovers. 

Conceptually, this positions access monitoring within entrepreneurial risk management, market sensing, service 

continuity, and crisis and recovery planning rather than within transport performance alone. 
The PTSA validation layer makes the management contribution empirically testable at the tourism-economy 

level. The access indicator is checked against tourism-specific economic outcomes rather than linked to enterprise 

performance only through hypothetical downstream effects. The strong annual associations do not support causal 

inference and are dominated by the pandemic period, but they are consistent with the proposition that broad access 

disruption and the environment for tourism enterprise activity are connected. The resulting construct is therefore an 

upstream tourism-enterprise risk signal: useful for early attention and operational verification, but not a substitute for 

direct measures of bookings, occupancy, sales, expenditure, employment, cash flow, profitability, business closure, or 

entrepreneurial adaptation. 

5.2. What Machine Learning Adds to Entrepreneurial Decision-Making 
The benchmark results provide a deliberately restrained interpretation of machine learning. Random forest and 

gradient boosting ranked risk well, and SHAP exposed the importance of scale, volatility, and momentum. However, 

persistence produced much higher F1 because most positive targets were continuations of existing stress. An 

entrepreneur or manager who only needs a binary “remain on alert” rule may therefore obtain more practical value 
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from persistence than from the machine-learning model. This finding reinforces a central principle of responsible 

business analytics: complexity should be justified by incremental decision value. 
The value of machine learning lies elsewhere. First, probability rankings can prioritize monitoring when 

multiple destinations or enterprise locations require attention. Second, SHAP can explain why a case is scored as high 

or low risk, making it easier to connect the warning to specific operating reviews. Third, the model can sometimes 

detect true onsets that persistence necessarily misses, as observed for Siargao in July 2022 and Kalibo in May 2025. 

These benefits are incremental rather than universal, and their entrepreneurial value depends on false-alarm costs, 

local data availability, working-capital constraints, lead times, and the decision threshold used by managers. 
Taken together, the design is best understood as an interpretable-ML entrepreneurial risk-signal study with 

naive-baseline benchmarking: the machine-learning component serves a tourism-enterprise management problem 

rather than constituting the substantive outcome itself. This positioning is consistent with recent tourism applications 

in which interpretable machine learning is used to investigate substantive outcomes rather than treated as an end [9, 

10]. It also aligns information-systems research with entrepreneurial problem solving by requiring the analytical 

output to be understandable, comparable with simple rules, and connected to specific managerial decisions. 

5.3. Implications for Tourism Entrepreneurs, MSMEs, and Public Policy 
For destination management organizations, local tourism offices, enterprise-support institutions, and industry 

associations, the model can function as a screening layer within a broader tourism-enterprise risk dashboard. A rising 

probability of access stress should trigger verification rather than automatic intervention. Decision makers can check 

airline schedule changes, cancellation patterns, hotel booking pace, visitor arrivals, weather advisories, local transport 

conditions, and event calendars before adjusting campaigns, market communication, enterprise assistance, events, or 

contingency plans. 
For tourism entrepreneurs and hospitality firms, the warning signal is most useful when linked to operating lead 

times and business continuity. A high-risk score may justify closer review of flexible staffing rosters, perishable 

inventory, supplier orders, transport coordination, group bookings, cancellation exposure, pricing, promotional 

commitments, cash-flow needs, and customer communication. The persistence result also suggests that once a 

destination enters a verified stress episode, maintaining an alert state can be more reliable than repeatedly relying on 

a complex model. Machine learning is therefore most useful for prioritization and onset surveillance, while persistence 

remains a strong rule for ongoing episodes. 
For public agencies, the findings support integrated tourism and enterprise intelligence rather than a new 

standalone airport index. CAAP access signals, PSA tourism outcomes, visitor statistics, accommodation indicators, 

local business conditions, and hazard data should be connected at compatible spatial and temporal scales through 

cross-sector data partnerships. Such integration would allow future systems to predict enterprise-relevant outcomes 

directly - including bookings, occupancy, sales, employment, service disruption, and business continuity - while 

retaining air-access stress as an upstream warning layer. 

5.4. Implications for Entrepreneurship Education and Enterprise Development 
For BS Entrepreneurship education, the study provides a practical example of how market research, business 

analytics, strategic management, operations, and risk management can be integrated around a real industry problem. 

Students can learn to transform public administrative data into market intelligence, compare advanced models with 

simple decision rules, interpret model explanations, and translate risk signals into choices involving staffing, 

inventory, suppliers, pricing, promotion, capacity, and continuity. The pedagogical emphasis is not on training students 

to become computer scientists, but on developing entrepreneurs who can ask sound business questions, evaluate 

analytical evidence, and use technology responsibly. 
For entrepreneurship faculty, incubators, and extension programs, the framework offers a basis for enterprise-

risk dashboards, scenario exercises, consultancy projects, and local industry partnerships. It demonstrates a legitimate 

interdisciplinary role for entrepreneurship scholars: defining the business problem, identifying decision-relevant 

indicators, setting practical benchmarks, interpreting results within enterprise constraints, and ensuring that 

technological tools remain subordinate to entrepreneurial judgment and stakeholder needs. 

5.5. Interpretation Cautions 
Four cautions follow from the entrepreneurship-centered interpretation. First, SHAP explains the behavior of 

the fitted model, not the causal effect of a feature on tourism, aviation, or firm performance. Second, strong annual 
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access-PTSA correlations are partly shaped by the pandemic and should not be generalized as stable structural 

coefficients. Third, the model does not identify why a passenger decline occurred: airline capacity decisions, storms, 

public-health restrictions, economic conditions, destination closures, and reporting changes can produce similar 

patterns. Fourth, the study does not observe individual enterprises, entrepreneurs, sales, cash flow, or adaptation 

decisions. Operational use therefore requires contextual verification and local firm-level data. 

6. Limitations and Future Research 
The study has seven main limitations. First, the CAAP passenger records do not distinguish tourists from 

residents, workers, business travelers, or visiting friends and relatives. Second, the panel contains only eight selected 

gateways and is unbalanced because source reporting coverage varies by year and airport. Third, the same-month 

historical median is a transparent baseline rather than a structural counterfactual model; unusually low or high prior 

years can affect shock depth. Fourth, the out-of-time test period contains relatively few new stress onsets, and 

threshold-level performance is weaker than the persistence baseline. Fifth, PTSA validation uses only eight national 

annual observations, so the strong associations are descriptive and pandemic-dominated. Sixth, the IBTrACS layer is 

only a 2023-2025 pilot and is excluded from headline model estimates. Seventh, the study does not contain firm-level 

measures of bookings, revenue, cash flow, staffing responses, inventory losses, business closure, innovation, or 

entrepreneurial adaptation; consequently, it identifies an external risk signal rather than estimating enterprise 

outcomes. 
Future research should prioritize tourism-enterprise outcome data at the same spatial and temporal scale as the 

access panel. Monthly bookings, visitor arrivals, hotel occupancy, average daily rate, sales, cancellations, payroll, 

supplier commitments, inventory spoilage, cash-flow pressure, business closures, and adaptation strategies would 

allow the model to test whether access stress precedes measurable enterprise losses or strategic responses. A complete 

historical IBTrACS layer, route-level capacity and frequency data, aircraft movements, fares, and local weather could 

then be added as explanatory inputs. Methodologically, future work should compare calibrated probability models, 

decision-cost thresholds, onset-specific models, survival analysis for recovery duration, and prospective evaluation on 

newly arriving data. Cross-destination and cross-enterprise validation should remain mandatory. Field testing with 

tourism entrepreneurs, business incubators, local governments, and entrepreneurship students could further assess 

whether the warnings are understandable, timely, and actionable. 

7. Conclusions 
Across 2018-2025, abnormal air-access stress co-varied with measured Philippine tourism performance: years 

with greater severe-stress exposure had lower tourism direct gross value added share of GDP, while passenger growth 

moved with TDGVA growth. These national annual associations are exploratory and pandemic-dominated, so they do 

not establish causality or firm-level effects. Their contribution is narrower but important: they support air-access stress 

as an upstream signal of the external market and operating environment faced by tourism enterprises, complementing 

direct measures of bookings, occupancy, sales, expenditure, employment, and entrepreneurial adaptation. 
The operational finding is that no single predictive tool dominates. Random forest provided strong risk ranking 

and interpretable SHAP diagnostics, but persistence achieved the higher F1 score because most positive targets were 

continuations of existing stress. A hybrid entrepreneurial decision-support approach is therefore most defensible: using 

machine learning to prioritize locations and watch for onset, persistence rules to maintain alerts during verified 

episodes, and local tourism-enterprise indicators to confirm action. This combination aligns predictive analytics with 

market intelligence, resource planning, business continuity, and recovery rather than treating passenger movement or 

an AI score as a standalone measure of enterprise performance. 
From an entrepreneurship perspective, the broader contribution is a replicable approach for converting public-

sector data into responsible and interpretable market intelligence. The study shows how entrepreneurship researchers 

and educators can work with information-systems and engineering specialists while retaining leadership over problem 

definition, enterprise relevance, managerial interpretation, and translation into MSME resilience and industry-

development actions. 
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CAAP Civil Aviation Authority of the Philippines 
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IBTrACS International Best Track Archive for Climate Stewardship 

LOGO Leave-One-Gateway-Out 

ML Machine Learning 

PSA Philippine Statistics Authority 

PTSA Philippine Tourism Satellite Account 

RF Random Forest 

SHAP SHapley Additive exPlanations 

TC Tropical Cyclone 
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Appendix A 

Appendix A.1 Positive Out-of-Time Stress Targets 
Table A1. Positive next-month stress targets in the 2022-2025 out-of-time evaluation period. 

Gateway Warning 

month 
Stress target 

month 
Stress already 

active? 
Persistence 

correct? 

Bacolod 2022-01 2022-02 Yes Yes 

Bohol/Panglao 2022-01 2022-02 Yes Yes 

Davao 2022-01 2022-02 Yes Yes 

Davao 2022-02 2022-03 Yes Yes 

Iloilo 2022-01 2022-02 Yes Yes 

Iloilo 2022-02 2022-03 Yes Yes 

Kalibo 2022-01 2022-02 Yes Yes 

Kalibo 2022-02 2022-03 Yes Yes 

Kalibo 2022-03 2022-04 Yes Yes 

Kalibo 2022-12 2023-01 No No 

Kalibo 2023-01 2023-02 Yes Yes 

Kalibo 2025-04 2025-05 No No 

Kalibo 2025-05 2025-06 Yes Yes 

Kalibo 2025-06 2025-07 Yes Yes 

Laguindingan/Cagayan de 

Oro 
2022-01 2022-02 Yes Yes 

Siargao 2022-02 2022-03 Yes Yes 

Siargao 2022-03 2022-04 Yes Yes 

Siargao 2022-06 2022-07 No No 

Siargao 2022-07 2022-08 Yes Yes 

Siargao 2022-08 2022-09 Yes Yes 
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