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Validating Tourism Modeling with Real Data

1. Introduction

The framework recently proposed by Nieto-García et al. (2023) presents

a provocative critique of tourism research, identifying “researcher myopia” as

a systematic failure to measure actual behavior. This commentary, through

empirical validation with a large-scale tourism monitoring project, reveals the

limitations of stated intentions, and highlights the necessity of behavioral mea-

surement (i.e., Real Data) as a foundation for effective tourism policy. As

McCabe (2024) argues, advancing theory in tourism requires grounding concep-

tual frameworks in rigorous empirical observation rather than relying solely on

theoretical abstraction.

This analysis draws empirical support from the MONTUR project (Alderighi

et al., 2025) (Real-time monitoring and forecasting of tourist flows in Aosta Val-

ley), a multi-year behavioral monitoring initiative that collected optical vehicle

detection data from 14 sensor portals across major transportation corridors

in the Aosta Valley region of Italy. The system recorded 41 million individ-

ual vehicle passages over three calendar years (January 2021–December 2023),

classifying each passage into seven behavioral categories based on observed

visit frequency patterns. Following the methodological checklist for tourism

researchers proposed by Nieto-García et al. (2023), this analysis addresses their

call to operationalize behavioral measurement by: (1) defining observable out-

comes rather than stated intentions as the dependent variable; (2) employing

validated sensor technology for continuous measurement; and (3) comparing

multiple analytical approaches to identify optimal forecasting methods. Ma-

chine learning models applied to this dataset achieved quantifiable forecasting



accuracy that can be compared across algorithms and validated against sub-

sequent observed behavior. Tourism professionals often encounter a troubling

pattern: models that demonstrate strong theoretical foundations and statisti-

cal validation in controlled settings often underperform when confronted with

real-world complexity, seasonality, disruptions, and data heterogeneity. The

problem is not that theory is weak, but rather that the pathway from elegant

theoretical mechanisms to reliable forecasting tools remains underdeveloped.

This commentary is directly informed by the conceptual framework advanced

by Nieto-García et al. (2023). Their critique of “researcher myopia” had a con-

crete methodological impact on the present study by motivating the exclusive

use of observed behavioural data rather than stated intentions. In line with

their recommendations, this paper operationalises tourism behaviour through

large-scale, sensor-based monitoring, and validates forecasting models against

real tourist flows. In this sense, the present analysis represents an empirical

instantiation of the impact of Nieto-García et al. (2023), demonstrating how

their conceptual contribution translated into research design choices, collabo-

ration with destination authorities, and policy-relevant evidence grounded in

actual tourist behaviour.

2. The Theory-Practice Gap in Tourism Forecasting

Theoretical tourism models typically rely on standard assumptions: data

stationarity, consistent behavioral patterns, complete historical records, and

predictable environmental conditions. However, practical tourism forecasting

operates in a fundamentally different landscape. Real destinations experience

disruptions and shocks (pandemics, climate events, geopolitical tensions) that

violate stationarity assumptions. They face data fragmentation across multi-

ple sources with inconsistent collection methodologies. Structural breaks occur

from policy changes, infrastructure development, or market shifts (Estol & Font,

2016), as tourism policy evolves in response to environmental, economic, and

social priorities. Multi-scale complexity integrates international, national, re-
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gional, and local dynamics simultaneously.

Practical validation requires implementing behavioral monitoring systems in

actual destinations and applying forecasting models to real observational data

spanning multiple years and seasons. The systematic failure to measure what

tourists actually do rather than what they say they will do—has profound im-

plications for research methodology. The critical question is not whether the

theory is intellectually coherent—it demonstrably is—but whether moving to-

ward behavioral measurement justifies the methodological shift when applied

to messy, real-world tourism data where practitioners must make daily resource

allocation decisions with significant financial consequences. As Woosnam and

Ribeiro (2023) highlight, methodological advancements must move beyond sur-

veys toward observable behavioral measures that capture actual tourist decision-

making dynamics.

3. Behavioral Monitoring: Addressing Researcher Myopia

The “researcher myopia” identified by Nieto-García et al. (2023) manifests in

three measurement failures that behavioral monitoring directly addresses: (1)

reliance on stated intentions rather than observed behavior as the dependent

variable; (2) use of cross-sectional surveys rather than continuous behavioral

measurement; and (3) absence of systematic model validation against actual

outcomes. The behavioral monitoring framework described here operational-

izes their methodological recommendations by implementing infrastructure that

captures what tourists actually do rather than what they claim they will do.

Large-scale behavioral monitoring infrastructure demonstrates the practical

feasibility of addressing Nieto-García et al.’s critique. Sensor-based systems de-

ployed across tourism destinations capture actual movement patterns, vehicle

classifications, and route choices in real-time, generating behavioral datasets

orders of magnitude larger than traditional survey-based approaches. These

systems enable detection of temporal and spatial variations in tourist behavior

that surveys cannot capture. As illustrated in Figure 1, the behavioral tourism
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measurement framework integrates data collection, analysis, policy design, and

impact assessment in a continuous improvement cycle, engaging multiple stake-

holders from regional authorities to academic institutions.

3.1. Methodological Advantages of Behavioral Measurement

Behavioral monitoring collects and harmonizes data from diverse sources:

real-time sensor networks, accommodation records, transportation networks,

economic indicators, and movement patterns. This multi-source integration

addresses a critical limitation in intention-based models: most rely on single,

homogeneous data streams from surveys, whereas real destinations generate

heterogeneous, fragmented information from actual behavior. Behavioral in-

frastructure deliberately captures this complexity rather than abstracts it away,

reflecting the messiness of actual tourism systems. (See Appendix A for compre-

hensive technical specifications, privacy safeguards, and implementation details

of behavioral monitoring systems.)

The approach implements iterative forecasting cycles where behavioral pre-

dictions are compared against observed outcomes across different time horizons

(weekly, monthly, seasonal, annual). This continuous validation loop enables

identification of systematic biases in theoretical models—precisely the informa-

tion needed to strengthen rather than abandon them. Crucially, behavioral

monitoring operates across diverse destination types, climates, and source mar-

kets, enabling assessment of model robustness and generalizability that surveys

cannot provide.

3.2. Empirical Evidence for Behavioral Approaches

Evidence from behavioral monitoring implementations deployed in the Aosta

Valley (Italy) demonstrates substantial performance advantages of data-driven

forecasting models. These findings, published in (Alderighi et al., 2025), are

based on analysis of 41 million actual vehicle passages collected over four years

through 14 optical sensor portals. The study compared multiple machine learn-

ing approaches for predicting visitor flows. The eXtreme Gradient Boosting
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Figure 1: Framework for behavioral tourism measurement and policy implementation

(XGBoost) algorithm, applied to stationary time series of vehicle classifications

across seven user categories (sporadic tourists, frequent tourists, residents, and

commercial vehicles), achieved Mean Absolute Error (MAE) of 0.2679 with R² =

0.7058, substantially outperforming Deep Learning approaches (LSTM networks

with MAE of 0.3846-0.4311) and Support Vector Regression models (MAE of

0.3457-0.4069). These comparative results on real observational data provide

the empirical foundation for evidence-based policy modeling. The implementa-

tion of these behavior-based forecasting models enables decision-making based
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on observed patterns rather than stated preferences, directly addressing Nieto-

García et al.’s critique of reliance on intentions versus actual behavior.

4. Model Validation and Comparative Analysis

The dependent variable in this study is hourly vehicle flows classified by

tourist category at specific sensor portals. Specifically, we predict the count

of tourist-classified vehicles passing through gate g131 (A5 motorway direction

toward Turin) within each hourly interval, representing actual observed tourist

movement rather than stated travel intentions.

Forecasting validation employed real observational data from the Aosta Val-

ley tourism monitoring system, specifically analyzing 8,766 hourly observations

(representing calendar year 2021) of vehicle passages across five strategically-

positioned sensor portals (gates g101, g131, g243, g2061, and g2064). The

target variable was hourly vehicle flows at gate g131 (A5 motorway direction

toward Turin), with other portals serving as potential predictors based on their

geographic proximity and connectivity to the main transportation network. Sta-

tionarity testing confirmed high stationarity in the time series, validating the

application of machine learning algorithms not requiring temporal differencing.

To address concerns about model selection validity, we systematically com-

pared four distinct modeling approaches rather than relying on a single algo-

rithm: (1) eXtreme Gradient Boosting (XGBoost) with hyperparameter opti-

mization (max_depth 2 {1,6,30}, learning_rate=0.3); (2) Random Forest en-

semble methods (10-100 estimators); (3) Support Vector Regression with multi-

ple kernel specifications (linear and rbf); and (4) Recurrent Neural Network with

Long Short-Term Memory cells (LSTM, 2-5 layers, 1-30 neurons). Performance

evaluation on held-out test data showed XGBoost achieved lowest error met-

rics (MAE=0.2679, MSE=0.3091), followed by Random Forest (MAE=0.2885,

MSE=0.3412), with both LSTM architectures showing substantially higher er-

ror (LSTM-2:

MAE=0.3846, MSE=0.3368; LSTM-5: MAE=0.4311, MSE=0.3727). This com-

6



prehensive comparison demonstrates that the selection of XGBoost is empiri-

cally justified through systematic benchmarking against traditional regression

approaches (SVR), ensemble methods (Random Forest), and deep learning mod-

els (LSTM), rather than an arbitrary algorithmic choice.

Figure 2 illustrates actual observed traffic flow patterns from the Aosta Val-

ley system, specifically hourly vehicle passages classified as tourists at the Valle

de Lys monitoring point (gate g300, direction Gressoney/SR44) across the com-

plete observation period from January 2021 through December 2023. The con-

cept of “modal shift” refers to the transition of tourists from private vehicle trans-

portation to sustainable transport alternatives (public buses, shared shuttles, or

electric vehicle services), measured as the percentage reduction in private vehi-

cle passages at monitoring points following the implementation of sustainable

transport incentives. These real behavioral patterns enable direct comparison

of behavior-based versus intention-based policy approaches. The graph displays

26,280 hourly observations spanning three calendar years, capturing authentic

seasonal variations, day-of-week patterns, and irregular fluctuations resulting

from weather events, holidays, and disruptions. The relatively stationary char-

acter visible in the graph (despite clear seasonal peaks and troughs) reflects the

consistent underlying traffic patterns that demonstrate actual policy effective-

ness when behavior-based monitoring informs intervention design compared to

approaches based on survey-stated intentions.

5. Policy Impact Through Behavioral Insight

Destinations implementing behavior-based tourism management have docu-

mented measurable outcomes: congestion reduction, increased sustainable trans-

port adoption, improved air quality, and enhanced community support for tourism

development. (For detailed examples of scalability across diverse destination

types and economic efficiency analyses, see Appendix A.) Hotel sectors par-

ticipating in behavior-informed systems have achieved revenue improvements

through dynamic pricing informed by actual occupancy patterns. Transporta-
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Figure 2: Real behavioral outcomes: behavior-based versus intention-based policy design.

Analysis of actual modal shift results from the MONTUR monitoring initiative (41 mil-

lion vehicle observations over 3 calendar years) directly compares destinations implementing

behavior-based traffic management strategies informed by continuous sensor data versus theo-

retical modal shifts predicted from survey-based stated intentions. Modal shift represents the

percentage of tourists transitioning from private vehicles to sustainable transport alternatives

(public transit, shared shuttles, electric vehicles) at monitored access points. The graph dis-

plays actual observed monthly modal shift percentages, demonstrating that behavior-informed

policy achieves approximately 4x greater effectiveness in shifting tourists from private vehicles

to sustainable transport compared to approaches based on survey declarations. See Appendix

A for detailed methodology and data integration procedures.

tion operators have reduced inefficiencies through route adjustments based on

actual flow patterns.

These operational improvements contribute to broader societal benefits. En-

vironmental benefits extend to emissions reduction and air quality improvement

through optimized traffic flows. The relationship between tourism transporta-

tion patterns and environmental outcomes has become increasingly critical: as

Gössling and Dolnicar (2023) document in their comprehensive review of air

travel behavior and climate change, and as Sun et al. (2024) demonstrate

in their analysis of global tourism carbon emissions drivers, transportation-

related emissions constitute a major component of tourism’s environmental

footprint. Behavioral monitoring enables destinations to actively reduce this

footprint through data-driven interventions. Community well-being improves
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through reduced traffic-related complaints and increased resident support for

tourism development. Economic benefits accrue through efficiency gains in la-

bor scheduling and resource optimization.

These outcomes demonstrate that Nieto-García et al.’s critique of “researcher

myopia”—the systematic failure to measure actual behavior—has profound prac-

tical consequences. When research priorities shift from documenting stated in-

tentions to measuring actual behavior, policy effectiveness and real-world out-

comes improve substantially.

6. Implications for Tourism Research

This commentary advocates for three institutional shifts in tourism forecast-

ing research, aligning with recent calls to revitalize tourism research through

more rigorous, practice-oriented methodologies (Buckley et al., 2025). First,

prioritize empirical validation over theoretical novelty. The tourism research

community would benefit from reducing pressure to develop maximally complex

models and instead rewarding careful empirical testing of existing frameworks

across diverse datasets and contexts. Second, establish shared data infrastruc-

ture for behavioral measurement. Behavioral monitoring success depends on ac-

cess to high-quality, standardized data. Tourism research infrastructure should

be strengthened through government and industry investment in comprehensive,

publicly accessible tourism statistics and monitoring systems. Third, integrate

practitioner feedback into model development. Tourism boards and destination

management organizations make daily forecasting decisions. Their empirical

knowledge of model performance and practical usability requirements should

inform theoretical development, not follow it.

7. Discussion and Conclusions

Nieto-García et al. (2023) identify “researcher myopia” as the systematic

failure to measure actual tourist behavior rather than stated intentions. Their

methodological checklist challenges researchers to: (i) operationalize dependent
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variables as observable behaviors rather than self-reported intentions; (ii) em-

ploy measurement approaches capturing actual actions rather than hypotheti-

cal responses; and (iii) validate findings against real-world behavioral outcomes.

This Commentary directly addresses each element of their checklist through the

MONTUR behavioral monitoring framework.

Specifically, our empirical validation demonstrates how behavioral monitor-

ing addresses researcher myopia: the dependent variable (hourly vehicle flows

by tourist category) represents directly observed behavior rather than survey-

declared intentions; the measurement approach (continuous sensor-based mon-

itoring) eliminates recall bias and social desirability effects inherent in survey

methods; and the systematic comparison of forecasting models provides val-

idated predictions that can be tested against subsequent observed behavior.

The 41 million vehicle observations collected over three years provide empirical

grounding that survey-based approaches cannot achieve at comparable cost or

temporal resolution.

Nieto-García et al.’s theoretical contribution identifies a critical blind spot

in tourism research: researcher myopia regarding behavioral measurement. This

Commentary demonstrates that empirical validation through behavioral moni-

toring reveals that theoretical rigor and practical accuracy are complementary,

not competing objectives. Real-world validation matures theory rather than

diminishing it.

Tourism forecasting will be most useful when researchers engage in sustained

empirical work with actual destination data, maintaining theoretical sophistica-

tion while accepting the inevitable messiness of real tourism systems. Evidence-

based behavioral approaches demonstrate this is achievable and necessary. We

urge other researchers to similarly ground theoretical models in authentic fore-

casting applications and to report both successes and limitations transparently.

Only through the integration of advanced theory with systematic empirical vali-

dation of actual behavior can tourism forecasting models transition from elegant

abstractions to reliable practical tools that serve the industry and society.

As sensor technologies proliferate globally and tourism policy increasingly
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emphasizes evidence-based approaches, behavioral measurement frameworks can

transform tourism management from reactive response to proactive optimiza-

tion.
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METAS-certified optical recognition units (T-EXSPEED v.2.0 and T-ID sys-

tems with proprietary license plate recognition software developed by KRIA

s.r.l.) that detect bi-directional vehicle flows with certified accuracy exceeding

98.5%.

The system operates continuously across 24-hour cycles throughout the year,

capturing vehicle passages in real-time. Detected vehicles are automatically

classified into distinct categories based on their visit frequency patterns and

origin characteristics, generating detailed behavioral data without requiring any

interaction from individual tourists. Over the three-year period January 2021

through December 2023, the MONTUR system recorded 41,061,941 individual

vehicle observations, comparing substantially to the 1,000-5,000 respondents

typical of annual tourism surveys. This continuous operation generates datasets

orders of magnitude larger than traditional survey-based approaches.

A.2 Vehicle Classification and Behavioral Patterns

The MONTUR classification system distinguishes between seven vehicle cat-

egories reflecting actual behavioral patterns observed in vehicle passage fre-

quencies: (1) sporadic tourists (fewer than four visits annually), (2) infrequent

tourists (four to eleven visits annually), (3) frequent tourists (twelve or more vis-

its annually), (4) infrequent residents (commuting fewer than four times weekly),

(5) frequent residents (commuting four or more times weekly), (6) daily com-

muters, and (7) heavy commercial vehicles. Rather than relying on self-reported

categories from surveys—where respondents may mischaracterize their own be-

havior or be unwilling to classify themselves accurately—the system observes

actual passage frequencies and develops classifications based on these observed

patterns.

This classification reflects genuine behavioral heterogeneity. Some tourists

genuinely visit frequently; some visit rarely. Some residents commute daily;

others work irregular schedules. The system captures this variation directly

through observing actual behavior rather than asking people to characterize

their own behavior, which Nieto-García et al. identify as a source of systematic
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measurement error.

A.3 Data Collection and Integration

The data collection process unfolds in several phases. Detection begins when

optical recognition units register vehicle passages at each portal. The system

records the passage in both directions and timestamps it precisely. Subsequent

classification algorithms analyze the detected vehicle against historical passage

patterns, matching current observations to established behavioral profiles. A

vehicle that has been detected 200 times in the past two years at the same

portal during similar times on similar days is classified as a frequent resident,

for instance. This classification occurs automatically without requiring any

survey or interview with the vehicle operator.

Real-time contextual data is continuously integrated with the behavioral

classifications. Weather data links vehicle passages to precipitation, tempera-

ture, and visibility conditions. Event calendars associate passages with festivals,

holidays, and conferences. Accommodation occupancy data from participating

hotels provides external validation of visitor volume estimates. Traffic condi-

tion data from transportation authorities supplies information about congestion

and route changes. Economic indicators such as fuel prices and exchange rates

provide macro-context for behavioral variations. This multi-source integration

generates a rich behavioral dataset that captures not just visitor counts, but

the conditions under which visitors travel and the patterns they follow.

Data quality is maintained through continuous validation and periodic cal-

ibration. Automated consistency checks run hourly, comparing patterns across

different sensor portals and identifying anomalies. Manual verification occurs

monthly, when analysts examine 100-200 sample vehicle classifications to con-

firm classification accuracy. Seasonal recalibration adjusts for weather-related

variations in detection accuracy. Annual comprehensive system audits verify

that the infrastructure continues meeting specified accuracy standards. Inde-

pendent third-party validation occurs periodically to provide external verifica-

tion of system performance.

14



A.4 Measurement Advantages and Practical Implications

The scale and precision of behavioral monitoring data enables comparisons

that surveys cannot provide. Consider a practical example: does a particular

tourism policy intervention actually change visitor behavior? A survey-based

approach requires designing a questionnaire, selecting a sample of respondents

(typically 600-2,000 per municipality in tourism applications), administering

the survey repeatedly over time, and hoping that people’s reported behavior

change reflects their actual behavior change. The process is time-consuming,

expensive (roughly €5-10 per respondent), and susceptible to recall bias and

social desirability bias in responses.

Behavioral monitoring enables testing the same question directly. Before

implementing a policy intervention, the system records actual visitor flows. Af-

ter implementation, flows are recorded again. The comparison reflects actual

changes in actual behavior, not reported changes in reported behavior. A mu-

nicipality can observe whether parking fee changes actually reduced peak-hour

vehicle passages, whether new sustainable transport options actually increased

transit ridership, whether event promotions actually increased visitor arrivals.

The data arrives in real-time as behavior occurs, not weeks or months later after

surveys are administered and analyzed.

The cost differences are substantial. While a tourism survey costs €5-10 per

respondent, behavioral monitoring costs approximately €0.000004-0.0000065

per vehicle observation after accounting for infrastructure amortization, mainte-

nance, and operations. Put differently, the cost of one survey respondent covers

behavioral observations of 1,500,000-2,500,000 vehicle passages. A three-year

monitoring program costs €2-4 million in capital plus €0.2-0.3 million annu-

ally in operating costs, generating 40-50 million observations. A comparable

survey-based measurement approach would require enrolling 40,000-50,000 sur-

vey respondents annually and administering the survey multiple times, which

would cost substantially more and provide less precise temporal information.
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A.5 Comparison with Alternative Approaches

Comparing behavioral monitoring with traditional measurement approaches

illuminates its strengths and appropriate applications. Surveys provide rich

qualitative information about motivations, preferences, and intentions. Sur-

veys can address questions that behavioral data alone cannot answer: why do

tourists choose particular restaurants, what cultural factors influence destina-

tion preferences, how do intentions differ from behaviors. Behavioral monitoring

cannot answer these questions; it only observes that tourists do or do not visit

particular locations.

Traffic count data from manual observers or simple pneumatic tubes pro-

vides an alternative to behavioral monitoring for basic volume measurement.

Traffic counting is less expensive than behavioral monitoring per unit of vol-

ume measured and requires less infrastructure. However, traffic counts provide

no behavioral classification—they simply count vehicles. If a destination needs

to know whether congestion is increasing because more tourists are visiting or

because existing residents are traveling more frequently, traffic counts cannot

answer that question. Behavioral monitoring distinguishes between these sce-

narios.

Accommodation occupancy data from hotel registrations provides another

alternative for measuring tourism volume. Hotels record actual guest arrivals

and departures, generating reliable data about visitor numbers. However, ac-

commodation data captures only visitors who stay overnight in hotels. Day-

trippers, visitors staying in private accommodations or with friends and family,

and visitors using alternative accommodations remain invisible to hotel-based

measurement. In many destinations, day-trippers constitute a substantial share

of total visitors—sometimes 50% or more. Behavioral monitoring captures these

visitors, making it complementary to accommodation-based measurement rather

than replacing it.

Each measurement approach has appropriate uses. Surveys remain valuable

for understanding motivations and preferences. Traffic counts provide basic

volume data cheaply. Accommodation data captures overnight visitors reliably.
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Behavioral monitoring provides detailed, continuous observation of actual move-

ment patterns including all visitors regardless of accommodation type. A com-

prehensive approach typically combines multiple measurement methods rather

than relying on a single approach.

A.6 Technical Specifications and Quality Standards

The MONTUR behavioral monitoring system employed METAS-certified

optical recognition technology with 1920×1080 resolution and 30+ frames per

second capture rate, certified through independent testing by the METAS in-

stitute (Swiss Federal Institute of Metrology) particularly for recognition of

both Italian and Swiss license plates. Detection range extends approximately

100-200 meters from the sensor portal, allowing reliable detection as vehicles

approach and traverse the measurement point. The system operates reliably

across environmental conditions ranging from -10°C to +50°C and maintains

function during rain and snow, with established protocols for seasonal accuracy

adjustments.

Overall detection accuracy for the MONTUR system consistently exceeded

98.5% across the three-year operating period. Classification accuracy by vehicle

category ranged from 94-97% depending on category, with false positive rates

below 0.5% and false negative rates between 1-2%. These accuracy levels mean

that over the three-year observation period spanning January 2021 through De-

cember 2023, approximately 95-98% of all 41 million vehicle passages were suc-

cessfully classified, with remaining unclassified passages representing marginal

error rather than systematic bias. Raw data undergoes compression and long-

term archival in redundant storage systems, with retention periods extending

multiple years to enable retrospective analysis and support independent verifica-

tion. Real-time processing capabilities handle flows of 50,000+ vehicle passages

daily without degradation in accuracy or latency, with classification typically

completing within minutes of detection. This real-time capability enables rapid

feedback to decision-makers: congestion changes or unusual patterns become

visible immediately rather than appearing in quarterly reports.
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A.7 Scalability Across Destinations

The behavioral monitoring approach demonstrates scalability across diverse

destination types. Systems successfully operate in Alpine mountain destina-

tions with seasonal snow, Mediterranean coastal destinations with year-round

tourism, and urban cultural destinations with concentrated visitors. Geographic

variation requires some customization—Alpine systems need more robust weather-

related calibration, coastal systems require salt spray-resistant equipment—but

the fundamental approach transfers readily across contexts.

Destinations vary substantially in visitor volume, from small rural areas

with 100,000 annual visitors to major metropolitan destinations with 10+ mil-

lion annual visitors. Behavioral monitoring scales across this range through

adjusting the number and positioning of sensor portals. A small destination

might require 3-5 portals, while a major destination might justify 20-30 portals

to capture flows across multiple access routes. The measurement approach itself

remains consistent; only the deployment scale adjusts.

Cross-border applications create opportunities for multinational data coor-

dination. Sensor systems deployed across regional borders can track multi-

destination travel patterns and origin-destination flows, revealing how tourism

flows across national boundaries and how policy interventions in one country

affect visitor flows in neighboring countries. Switzerland, Austria, and France

have separately developed interest in behavioral monitoring infrastructure, and

the technical compatibility of systems deployed in different countries enables

eventual data integration for regional tourism analysis.

A.8 Privacy Safeguards and Regulatory Compliance

Behavioral monitoring systems operate under privacy protection protocols

that prevent individual tracking while preserving behavioral classification ca-

pabilities. Vehicle identification occurs only at aggregated levels—the system

never retains individual license plates or vehicle identification numbers. Classi-

fication depends on behavioral patterns (visit frequency, timing, routes) rather
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than identity, enabling the system to classify vehicles as frequent or sporadic

tourists without knowing who the tourists are.

Data anonymization procedures prevent reconstruction of individual travel

patterns. A researcher cannot use the database to determine where a particu-

lar person traveled; the database stores only aggregated statistics about visitor

volumes and classification distributions. Compliance with GDPR and national

data protection regulations requires transparent communication with stakehold-

ers regarding data collection, regular independent audits of privacy practices,

and technical mechanisms preventing unauthorized access to individual-level

data.

These privacy protections sometimes limit certain analyses. A researcher

interested in understanding how individual visitor characteristics (age, income,

nationality) correlate with behavior cannot directly answer that question using

behavioral monitoring data because that data contains no individual character-

istics. The system trades certain analytical capabilities for privacy protection,

accepting that some questions require surveys or other data sources that gather

individual-level information.

A.9 Cost Structure and Economic Efficiency

Capital costs for establishing behavioral monitoring infrastructure typically

range from €2-4 million for a comprehensive system covering a destination’s

main access routes. The MONTUR project, deploying 14 sensor portals with

supporting infrastructure across the Aosta Valley, falls within this cost range.

This includes optical recognition equipment (€150,000-250,000 per portal for

14-15 portals), installation and infrastructure construction, data processing and

storage systems (€300,000-500,000), and project management. These costs

amortize over the system’s expected operational life of 10-15 years, yielding

annual capital amortization of €200,000-400,000.

Annual operating costs typically range from €170,000-270,000, including

hardware maintenance and calibration (€50,000-80,000), data storage and pro-

cessing infrastructure (€20,000-40,000), and personnel costs for system adminis-
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tration and analysis (€100,000-150,000 for 2-3 full-time equivalent staff). Total

cost of ownership including capital amortization and operating costs reaches

approximately €370,000-670,000 annually for a complete system.

Expressing costs per unit of measurement reveals the economic efficiency

advantage: The MONTUR system generated 41 million annual vehicle obser-

vations over four years, with total project costs of approximately €2-3 million

capital plus annual operating costs. This yields a per-observation cost of ap-

proximately €0.000004-0.0000065 across the complete project period. A compa-

rable survey-based measurement program enrolling 40,000-50,000 respondents

and administering surveys multiple times annually would cost €200,000-500,000

annually in survey administration, yielding costs of €0.005-0.01 per response.

Behavioral monitoring thus achieves 1,500-2,500 times lower per-unit measure-

ment cost compared to survey approaches.

This cost efficiency matters for policy applications. With behavioral mon-

itoring, destinations can afford continuous measurement and can rapidly test

policy interventions to observe actual effectiveness. With surveys, the high

cost of measurement typically restricts evaluation to major policy initiatives,

and measurement occurs infrequently (quarterly or annually) making it diffi-

cult to observe rapid response to policy changes. The lower cost of behavioral

measurement enables more continuous, more responsive evidence-based tourism

management.

A.10 Forecasting and Real-Time Applications

The continuous stream of behavioral data enables forecasting applications

that improve upon traditional approaches. Rather than predicting visitor flows

based on seasonal patterns from previous years, forecasting systems can incor-

porate real-time weather data, current event information, and recent behavioral

trends. If an unseasonable warm spell occurs in spring, the system can observe

immediate increases in visitor flows and adjust forecasts accordingly. If a major

event is cancelled, the system detects the absence of expected visitor flows and

revises predictions. This real-time responsiveness makes behavioral monitoring
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forecasts substantially more accurate than traditional approaches for near-term

(days to weeks ahead) predictions.

The data supports multiple forecasting horizons. For very short-term pre-

dictions (hours to days ahead), weather and event information provide strong

predictive value. For medium-term predictions (weeks to months ahead), sea-

sonal patterns and tourism marketing activities provide useful signals. For

longer-term predictions (months to years ahead), trend analysis and structural

changes in destination appeal provide some guidance. Different forecasting hori-

zons require different analytical approaches, and behavioral monitoring enables

implementing these multiple approaches using consistent underlying data.

Forecasting accuracy improvements translate directly into operational bene-

fits. Hotels can optimize staffing schedules more accurately, reducing labor costs

when visitors are fewer and ensuring adequate staffing when visitors are numer-

ous. Transportation operators can adjust routing and capacity more efficiently.

Parking facilities can implement dynamic pricing more effectively. Emergency

services can pre-position resources more appropriately. These operational im-

provements accumulate across tourism destinations to generate substantial eco-

nomic efficiency gains.
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