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Abstract
Overcrowding is a critical issue for popular tourist destinations, affecting satisfaction, resource management, and sustainabil-
ity. This study examines how tourists’ information-seeking behavior shapes perceived crowding, drawing on a contingency 
perspective that couples tourists’ information agency, source type, timing, and familiarity with site-related conditions: spatial 
constraints, environmental volatility, and regional typology. Based on face-to-face survey data from 5557 visitors across six 
German destinations, we estimate Ordered Logistic regression models to test when information strategies mitigate perceived 
crowding. Results show that effects are context dependent. In spatially restricted settings, both formal and informal informa-
tion sources are associated with lower perceived crowding. In natural regions, personal contacts and web-information sources 
relate to lower perceived crowding, while print media sources show no effect. In the urban destinations, online information 
use is associated with higher perceived crowding. Real-time information reduces perceived crowding in restricted spaces 
and under low volatility, whereas multi-day pre-trip planning can increase perceived crowding in open and natural settings. 
Contrary to common assumptions, first-time visitors report lower perceived crowding than repeat visitors. Theoretical 
implications include refining Expectation Disconfirmation and Social Exchange perspectives by formalizing informational 
polycentrism within a spatial framework and identifying perceptual sensitization among repeat visitors. Practically, the find-
ings suggest tailoring IS interventions to spatial layout and volatility, integrating peer tips into formal platforms, simplifying 
urban web interfaces, prioritizing real-time guidance in restricted spaces, and managing expectations for repeat visitors.

Keywords  Perceived crowding · Smart tourism · Information-seeking behavior · Visitor management · Crowd 
management · Information systems

JEL Classification  L83

Introduction

Tourism remains a cornerstone of regional development, 
generating revenue, fostering cultural exchange, and enhanc-
ing global connectivity (Gössling et al., 2020; Koens et al., 
2018; World Tourism Organization (UNWTO), 2019). Yet, 
rapid growth has intensified overtourism, with celebrated 
destinations such as Barcelona and Dubrovnik reporting eco-
logical strain, resident backlash, and falling visitor satisfac-
tion (Capocchi et al., 2020). Managers have therefore turned 
from counting arrivals to managing how crowded places 
feel. A robust body of work shows that perceived crowding, 
tourists’ subjective appraisal of human density, rather than 
objective numbers, predicts satisfaction, revisit intentions, 
and destination image (Arnberger & Haider, 2005; Kim 
et al., 2014; Manning, 2011; Manning et al., 1999; Shelby 
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& Heberlein, 1986). Scholars have identified two pillars of 
this perception.

On the visitor side, tourists exercise agency through infor-
mation-seeking behavior and destination familiarity: they 
search, interpret, and share data to plan visits, pick routes, 
or adjust plans on site, and they draw upon prior experience 
to calibrate their expectations and navigate crowded spaces 
(Fodness & Murray, 1999; Gursoy & McCleary, 2004; Wil-
son, 2000). This is often framed through Expectation Dis-
confirmation Theory (Oliver, 1980), which posits that satis-
faction depends on the gap between pre-trip expectations and 
on-site experiences. On the context side, spatial bottlenecks 
and environmental volatility amplify or dampen crowd dis-
comfort (Kim et al., 2014). This draws from spatial-environ-
mental psychology (Stokols, 1972), which emphasizes how 
physical environments shape human perception. Emerging 
smart‑tourism infrastructures promise to knit these pillars 
together by streaming real‑time busyness maps, queue fore-
casts, and adaptive itineraries (Gretzel et al., 2015; Sigala, 
2020). Yet, evidence is mixed: studies indicate that real-
time systems often function best where sensing coverage is 
dense and line-of-sight is unobstructed, while performance 
can degrade in complex terrain and patchy networks, which 
often characterizes remote trails (Duives et al., 2020; Guo 
et al., 2019). This suggests a critical, yet underexplored, 
contingency: the efficacy of a tourist’s agency is inherently 
moderated by the specific context of the destination.

Consequently, researchers have begun to frame crowding 
as a contingent outcome of the fit between tourists’ infor-
mation strategies and the spatial-environmental logic of the 
destination (Dogru-Dastan, 2022). However, a significant 
gap remains. What remains underexplained is when tourists’ 
information seeking mitigates crowd stress and when physi-
cal or environmental constraints override that agency. Prior 
studies typically isolate one dimension, timing of informa-
tion (Chang & Lee, 2023), type of source (Fotis et al., 2012; 
Xiang & Gretzel, 2010), or single‑site spatial design (Man-
ning et al., 1999; Neuts & Nijkamp, 2012), but few integrate 
them. Crucially, there is a lack of empirical research that 
simultaneously tests how and when tourists’ information-
seeking agency mitigates crowd stress, and under what con-
ditions physical or environmental constraints override that 
agency. This theoretical instability limits both theory and 
practice: managers cannot know whether to invest in smarter 
dashboards, community ambassadors, or redesigned spaces.

To close this gap, we integrate the principles of Expec-
tation Disconfirmation Theory (Oliver, 1980), Social 
Exchange Theory (Gursoy et al., 2017), which emphasizes 
the role of trust in information sources, and spatial-environ-
mental psychology (Stokols, 1972) to propose a Dynamic 
Contingency Model of Crowding. This model posits that 
perceived crowding is a negotiated process between agency 
and constraints. We then ask:

How do tourists’ information strategies and familiarity 
with a destination influence perceived crowding, and 
how do site-related contextual factors moderate these 
effects?

To address the research question, we derive three main 
hypotheses, identify three moderating variables (spatial 
constraints, environmental volatility, and regional typol-
ogy), and test our model with 5557 face‑to‑face surveys 
collected at six German destinations deliberately selected 
to span urban versus natural settings, open versus restricted 
layouts, and low‑ to high‑volatility climates. Using a hybrid 
analytical approach of pooled Ordered Logistic regression 
with interaction terms and split-sample models, we test a 
contingency framework that juxtaposes formal versus infor-
mal information sources, pre‑trip versus real‑time timing, 
and first‑time versus repeat visitation across these contexts.

The study contributes to smart tourism and Information 
Systems (IS) research in three ways. First, it delineates the 
boundary conditions under which digital crowd‑management 
tools succeed or fail, thereby refining the smart‑tourism 
discourse. Second, it demonstrates that informal, socially 
embedded networks can be highly effective in spatially 
restricted and natural settings, advancing theories of infor-
mational polycentrism. Their efficacy is contextual rather 
than tied to volatility per se. Third, it offers a validated con-
tingency framework and provides IS scholars with design 
principles for context‑aware platforms that blend live data 
with local knowledge to disperse visitor flows sustainably.

Theoretical background

Understanding of crowding in tourism

Perceived crowding, a cornerstone concept in environmen-
tal psychology and tourism studies, is defined as an indi-
vidual’s subjective evaluation of the density of people in a 
given space, shaped by psychological, social, and contex-
tual factors (Shelby et al., 1989; Vaske & Shelby, 2008). 
Unlike objective crowding, a quantifiable measure of visitor 
numbers per unit area (Li et al., 2017), perceived crowding 
captures the emotional and cognitive responses to spatial 
density, making it a critical determinant of visitor satisfac-
tion and destination sustainability (Arnberger & Haider, 
2005; Manning et al., 1999). This distinction is pivotal: Two 
tourists in the same objectively crowded space may report 
vastly different crowding perceptions based on personal tol-
erance thresholds, prior experiences, or situational context 
(Klanjšček et al., 2018; Stokols, 1972).

The roots of crowding research trace back to Stokols’ (1972) 
seminal work on human stress responses to spatial constraints, 
which posited that crowding arises not from density alone but 
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from the interference with desired activities. In tourism, this 
interference manifests as blocked views at scenic overlooks, 
queues at attractions, or competition for amenities, all of which 
degrade the quality of experience (Papadopoulou et al., 2022). 
Early studies in recreational settings (Shelby et al., 1984) 
established crowding as a social carrying capacity metric, but 
contemporary research increasingly emphasizes its subjective, 
multidimensional nature (Dogru-Dastan, 2022; Koens et al., 
2018). Understanding perceived crowding is essential for 
tourism managers, as subjective evaluations directly shape 
tourists’ satisfaction, revisit intentions, and destination 
reputation, influencing long-term sustainability (Jurado et al., 
2013; Santana-Jiménez et al., 2011).

Personal factors and expectation disconfirmation

Personal factors, including demographics, prior experiences, 
expectations, and psychological traits, significantly influence 
perceived crowding (Dogru-Dastan, 2022). According to the 
Expectation Disconfirmation Theory (Oliver, 1980), tourists 
form expectations about crowding based on pre-trip informa-
tion (e.g., promotional materials, peer reviews) and dynami-
cally adjust them during their visit (Ajzen, 1991; Gursoy & 
McCleary, 2004). Misalignment between expectations and 
actual experiences creates psychological dissonance, leading 
to dissatisfaction, negative word-of-mouth, and reduced like-
lihood of revisiting, underscoring the importance of under-
standing how pre-trip and real-time information influence 
this alignment (Minh et al., 2023; Uğur & Akbıyık, 2020).

The role of information‑seeking behavior

Information seeking, the proactive search for, interpretation 
of, and application of information, serves as our focal coping 
mechanism (Fodness & Murray, 1999; Gursoy & McCleary, 
2004). Pre‐trip planning (e.g., consulting travel blogs, official 
websites) allows tourists to mentally prepare for crowded 
conditions, while real‐time information (e.g., crowd tracking 
apps like Google Maps) empowers on-the-fly adjustments 
(Dan et al., 2012; Pan & Fesenmaier, 2006). Although the 
broader concept of information behavior includes activities 
such as sharing or archiving, our study focuses specifically 
on information seeking and used to manage crowding, from 
advanced research to immediate application during visits. 
However, the efficacy of information sources varies: formal 
platforms (e.g., government tourism sites) often provide 
standardized data, whereas informal networks (e.g., friends, 
local residents) offer contextual insights that resonate more 
deeply with tourists’ situational needs (Gretzel, 2019; 
Nguyen et al., 2024). This duality underscores the need 
to dissect how information type and timing interact with 
personal traits (e.g., tech-savviness, risk aversion) to shape 
crowding perceptions. In this study, “formal sources” refer 

explicitly to officially curated or standardized platforms (e.g., 
government websites, promotional brochures, tourist office 
materials) (Xiang et al., 2015; Yoo & Gretzel, 2010), while 
“informal sources” refer to personal recommendations, peer 
reviews, and social interactions (e.g., advice from friends, 
locals, travel blogs, social media groups) used during the 
pre-trip planning phase (Cox et al., 2009).

Integrating smart tourism tools into crowding management

Where Expectation Disconfirmation Theory explains the 
psychological calculus behind crowding appraisal, smart 
tourism technologies address the operational side, how 
information is captured, processed, and delivered quickly 
enough to influence on-site movement. Location-based apps, 
Bluetooth beacon networks, and computer-vision dashboards 
now generate minute-by-minute density heat maps that 
can trigger nudges such as rerouting suggestions, altered 
queue configurations, or staggered ticket releases (Buhalis 
& Amaranggana, 2015; Centorrino et al., 2021). Evidence 
from camera-based hotspot counts, Wi-Fi trace fusion, and 
city-center monitoring demonstrates both the promise and 
measurement pitfalls of such systems (Duives et al., 2020; 
Guo et al., 2019). Their value lies in two technical prop-
erties: high temporal resolution, which allows systems to 
detect bottlenecks before they become perceptible to visitors, 
and bidirectional data flows, which let managers respond in 
near real time rather than after the fact.

Yet, these tools deliver benefits only when three enabling 
conditions are met. First, data fidelity must be sufficient; 
latency or patchy sensor coverage can misrepresent crowd 
levels and prompt maladaptive shifts (Xiang & Fesenmaier, 
2020). Second, the interface has to translate raw density met-
rics into simple, actionable cues that travelers of varying 
digital literacy can understand (Neuhofer et al., 2015). Third, 
users must trust the source enough to act on it, a threshold 
often reached more readily through peer-to-peer channels 
than official apps in volatile or less regulated settings (Gret-
zel, 2019). Where any of these conditions fail, sophisticated 
infrastructure risks becoming mere noise in visitors’ deci-
sion space. The present study, therefore, treats smart tourism 
instrumentation not as a universal solution, but as an inter-
vention whose effectiveness is contingent on context, to be 
evaluated alongside informal networks and prior familiarity 
when modeling perceived crowding.

Conceptual development

Contextual moderators of crowding perceptions

Although spatial design and environmental conditions are 
well‑established external drivers of crowding perceptions 
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(Rasoolimanesh & Jaafar, 2016; Stokols, 1972), this study 
foregrounds tourists’ personal agency, specifically their 
information-seeking strategies and familiarity, as the pri-
mary explanatory mechanisms. Perceived crowding is not 
only a product of individual information behavior or visitor 
characteristics but is intrinsically influenced by contextual 
factors of destinations (Arnberger & Haider, 2005; Shelby & 
Heberlein, 1986). This study explicitly integrates external/
site‑related factors as contextual moderators to test when 
and where personal strategies succeed or fail, spatial con-
straints, environmental volatility, and regional typology, as 
they significantly affect how tourists perceive and respond 
to crowding conditions (Hallo & Manning, 2009; Klanjšček 
et al., 2018).

Spatial constraints represent the physical limitations 
imposed by the spatial layout of a destination, such as nar-
row pathways, confined viewing platforms, or structured 
urban grids. Spatially restricted areas amplify perceived 
crowding because they increase physical proximity and 
restrict movement, intensifying psychological discomfort 
even if visitor numbers are objectively moderate (Kim & 
Shelby, 2011; Tubb, 2003). Conversely, open spaces allow 
for visitor dispersion and, therefore, can significantly miti-
gate perceived crowding despite high visitor volumes (Arn-
berger & Brandenburg, 2007; Papadopoulou et al., 2022). 
We selected this moderator because spatial layout directly 
influences tourists’ ability to apply their information-driven 
strategies, affecting their coping mechanisms and ultimately 
shaping crowding perceptions.

Environmental Volatility describes the predictability 
and stability of environmental conditions at a destination, 
such as weather variability, tides, or seasonal fluctuations. 
Such volatility significantly impacts perceived crowding 
by shaping tourists’ reliance on pre-trip planning or real-
time adaptive strategies (Gössling & Hall, 2006; Hallo & 
Manning, 2009). We classify destinations into three distinct 
volatility categories to systematically analyze these effects. 
Low Volatility destinations exhibit stable and predictable 
environmental conditions, allowing tourists to reliably plan 
their activities well in advance with minimal risk of disrup-
tions (e.g., urban museums with fixed capacities or inland 
recreational lakes) (Koens et al., 2018). Moderate Volatility 
destinations show occasional, somewhat predictable envi-
ronmental fluctuations that moderately influence tourists’ 
planning and behavior (e.g., coastal areas with regular but 
mild weather variations or protected mountain areas with 
stable paths but occasional climatic variability) (Scott et al., 
2012). High Volatility destinations experience frequent and 
unpredictable environmental changes, significantly increas-
ing uncertainty and tourists’ need for adaptive coping strate-
gies (e.g., coastal areas influenced by strong tidal patterns, 
mountain areas prone to sudden weather changes) (Gössling 
& Hall, 2006; Hallo & Manning, 2009; Hardy & Aryal, 

2020; Lawson et al., 2003). Introducing this classification 
allows us to explicitly test how varying degrees of environ-
mental uncertainty moderate the effectiveness of tourists’ 
information-seeking behaviors (pre-trip planning vs. real-
time adjustments) and familiarity in mitigating perceived 
crowding.

Regional typology (urban vs. natural settings) captures 
the inherent functional differences between built environ-
ments and natural landscapes, significantly influencing tour-
ists’ information-seeking behaviors and crowding expecta-
tions (McCool & Lime, 2001; Sever et al., 2018). Urban 
regions with centralized attractions and predictable visitor 
flow patterns often use formal, structured information tools 
(Boletsis & Chasanidou, 2018; Buhalis & Amaranggana, 
2015). In contrast, natural settings typically require flex-
ible, decentralized coping mechanisms (e.g., informal peer 
advice) due to dispersed attractions and fluid visitor itiner-
aries (Klanjšček et al., 2018; McCool & Lime, 2001). By 
selecting regional typology as a moderator, we explicitly 
test the assumption that different spatial contexts inherently 
demand different information and coping strategies from 
tourists.

These three moderators were chosen based on their 
proven ability to shape and redefine tourists’ cognitive and 
emotional reactions to crowding, thereby altering the effec-
tiveness of informational interventions and familiarity-based 
coping strategies outlined in our hypotheses. Taken together, 
the tourists’ information agency and these three destination 
constraints form an integrated analytical lens: individual 
strategies succeed only when they “fit” the spatial design, 
environmental reliability, and regional logic of the place 
visited. Expectation alignment (Oliver, 1980) and trust in 
formal versus informal sources (Gursoy et al., 2017) oper-
ate as latent mechanisms that translate information use into 
crowding evaluations. This perspective provides the concep-
tual foundation for the hypotheses that follow.

Research positioning and hypotheses development

Despite decades of inquiry into crowding perceptions, 
critical ambiguities persist in understanding how tourists’ 
agency and capacity to seek, interpret, and act on informa-
tion interact with destination-specific constraints to shape 
subjective experiences. Prior research has disproportionately 
focused on objective crowding metrics (e.g., visitor counts, 
density ratios) (Bollenbach et al., 2024; Moreno-Izquierdo 
et al., 2024) or isolated psychological responses (Li et al., 
2017; Manning et al., 1999), often neglecting the dynamic 
interplay between personal coping strategies and the physi-
cal realities of destinations. Framing these tensions through 
the integrated lens introduced above yields a focused set of 
propositions that guide our empirical work.
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Tourists’ crowding experiences emerge from a duality: 
they proactively seek, interpret, and act on information 
(agency) yet remain bounded by spatial design, environmen-
tal volatility, and regional typology (constraints). Adapting 
the longstanding structure–agency debate (Giddens, 1984; 
Poole & van de Ven, 1989) to tourism (Lim, 2021), we 
define the agency–constraint paradox as the simultaneous 
empowerment and limitation of tourists’ coping strategies 
by site conditions. Leisure-constraints research shows that 
visitors negotiate structural barriers (Crawford et al., 1991; 
Jackson et al., 1993), but has not conceptualized this tension 
as a paradox nor tested it with multi-site data.

Although prior work recognizes that perceived crowd-
ing reflects both personal agency and contextual constraints 
(Dogru-Dastan, 2022; Eder & Arnberger, 2012), the two 
strands of research still run largely in parallel. Studies of 
information seeking highlight how tourists anticipate con-
gestion through pre-trip planning or real-time apps (Buhalis, 
2019; Lu & Stepchenkova, 2015), whereas carrying-capac-
ity studies emphasize fixed spatial limits and treat visitors 
as passive recipients of density (McCool & Lime, 2001). 
Empirical cases show that neither view alone is sufficient: 
detailed trail maps did not diminish crowd stress in Dart-
moor’s bottlenecks (Tubb, 2003), and in Acadia National 
Park, ITS and travel-information tools were piloted and 
evaluated, with outcomes varying by location and constraint 
severity (Hallo & Manning, 2009). While Dogru-Dastan 
(2022) categorizes crowding drivers, the model does not 
fully reconcile how tourists’ information-seeking agency 
interacts with site-related constraints like spatial layout, a 
tension this study resolves.

Clarifying the role of informal information networks 
(Hypothesis 1)

Digital tools like crowd-tracking apps dominate smart tour-
ism discourse (Buhalis & Amaranggana, 2015; Buhalis & 
Sinarta, 2019; Gretzel et al., 2015), yet informal informa-
tion sources, such as advice from locals, travel companions, 
or casual social interactions, remain underexplored. This 
oversight is puzzling given evidence that tourists prioritize 
peer recommendations over institutional sources when navi-
gating unfamiliar environments (Cox et al., 2009; Jacob-
sen & Munar, 2012; Yuan et al., 2022). For example, in 
remote hiking destinations such as New Zealand’s Milford 
Track, visitors often depend on advice from fellow hikers 
and online hiking forums to uncover less‑crowded routes, 
whereas in highly structured urban attractions like Paris’s 
Louvre Museum, tourists are far more likely to rely on offi-
cial maps, signage, and guided tours rather than peer recom-
mendations (Fotis et al., 2012; Pan & Fesenmaier, 2006). 
Much of the smart tourism literature continues to foreground 

formal, centrally controlled digital tools, destination apps, 
official dashboards, and sensor networks, while giving com-
paratively less attention to informal or peer-to-peer channels 
(Buhalis & Amaranggana, 2015; Gretzel et al., 2015; Neu-
hofer et al., 2015; Xiang & Fesenmaier, 2020). Yet, informal 
networks (e.g., peer recommendations) often provide contex-
tually richer strategies for crowding avoidance, particularly 
in natural regions (Fotis et al., 2012; Pan & Fesenmaier, 
2006). The marginalization of informal networks in crowd-
ing research reflects a broader bias toward quantifiable, 
tech-centric solutions. For example, during the COVID‑19 
pandemic, travelers in urban hotspots such as Barcelona 
formed ad hoc WhatsApp and Telegram groups,  popu-
lated by both visitors and locals, to share real‑time reports 
of queue lengths, entry requirements, and congestion hot-
spots, often bypassing official channels deemed too generic 
or slow (Sigala, 2020; Zenker & Kock, 2020). Such findings 
align with Social Exchange Theory, which posits that trust in 
information sources mediates their effectiveness (Jacobsen 
& Munar, 2012; Yoo & Gretzel, 2010). Informal networks, 
rooted in shared experiences, may thus engender higher trust 
and compliance than formal systems, particularly in high-
stakes or volatile contexts. Therefore, the hypothesis H1 
directly addresses this gap.

H1: The type of information source influences perceived 
crowding, where informal sources are more effective in 
reducing perceived crowding than formal sources.

Information timing: Pre‑trip versus real‑time (Hypothesis 2)

Real-time information streams, such as push notifications 
about queue length, live-feed density maps, or chatbot 
alerts, help tourists react instantly when crowd levels 
change, allowing on-the-spot rerouting and lowering stress 
in busy corridors and attractions (Chang & Lee, 2023; Xiang 
et al., 2015; Zambetta et al., 2020). Industry data on queue 
management confirms that perceived waiting times drop 
sharply when visitors are continuously updated on delays, 
even if the actual wait does not shrink (Drabicki et al., 2021; 
Xu et al., 2024). Live dashboards and camera feeds are now 
used by destinations from museums to whole cities to spread 
visitor flows throughout the day, thereby reducing perceived 
crowding at peak moments (Centorrino et al., 2021; Guo 
et al., 2019). In contrast, studies on pre-trip reservation 
systems and advance scheduling find that when demand 
patterns are largely predictable, information received days 
or hours before arrival is adequate for load balancing without 
the need for constant updates (Hartman et al., 2021; Mackay, 
2023; Miller et al., 2023). Taken together, the evidence 
indicates that the timing of information delivery is critical to 
easing crowding, which in turn motivates the next hypothesis:



	 Electronic Markets           (2026) 36:26    26   Page 6 of 24

H2: The phase of information use influences perceived 
crowding, with real-time information being more effec-
tive in reducing crowding.

Visitor familiarity: First‑time versus repeat (Hypothesis 3)

Prior experience can build a cognitive toolkit that helps 
repeat visitors anticipate pinch-points, choose quieter time 
slots, and calibrate expectations, which may lessen the psy-
chological impact of dense situations (Lehto et al., 2004; 
Milman et al., 2020; Riungu et al., 2021). Early work on 
vacation behavior also suggests that prior visits shorten 
search time and yield more efficient itineraries, reducing 
reliance on external crowd-navigation cues (Lehto et al., 
2004). Several field surveys in national parks and herit-
age sites report lower perceived crowding and higher sat-
isfaction among repeat visitors compared with first-timers, 
although effects vary by setting and activity (Nickerson 
et al., 2020; Strack & Miller, 2009; Zehrer & Raich, 2016). 
Taken together, these studies indicate that familiarity often 
shapes how tourists interpret and cope with busy environ-
ments, which motivates our focus on familiarity as a second 
agency dimension.

H3: Repeat visitors perceive less crowding than first-time 
visitors due to familiarity.

Addressing the homogenization of destination typologies 
(H1a–H3c)

Crowding studies often generalize findings across destina-
tions, even though effects are likely to vary systematically 
with contextual moderators such as spatial constraints, 
environmental volatility, and regional typology. In particu-
lar, urban versus natural regions can elicit distinct tourist 
behaviors and coping mechanisms. Urban destinations, with 
centralized landmarks and predictable congestion patterns 
(e.g., Times Square during New Year’s Eve), may favor 
structured information systems that optimize flows algo-
rithmically (Buhalis & Amaranggana, 2015). In contrast, 
natural regions, characterized by dispersed attractions 
and fluid itineraries (e.g., Patagonia’s trekking circuits), 
may require more flexible and socially embedded strategies 
to manage crowding, as visitors often turn to fellow trek-
kers’ advice on online forums and peer networks to uncover 
less-traveled routes (Fotis et al., 2012; Pan & Fesenmaier, 
2006). This homogenization is reinforced by the dominance 
of single-site case studies and the  lack of comparative 
frameworks, as illustrated by seminal work such as Man-
ning et al. (2002) on Yosemite National Park. Comparative 
evidence remains limited. Kiliçarslan and Caber’s (2018), 
for example, report cross-national differences in crowding 
tolerance at Topkapi Palace . Likewise, Chi and Qu (2008) 

demonstrate that guided tours enhance satisfaction and per-
ceived crowd management in heritage‑city settings, whereas 
self‑guided exploration is valued in less structured environ-
ments. Building on this gap, this study’s multi-site design 
explicitly tests how spatial constraints, environmental vola-
tility, and regional typology moderate crowding perceptions. 
Hence, the following hypotheses were formed (cf. Table 1).

Dynamic contingency model of crowding

Building upon the theoretical foundations and gaps identi-
fied in the previous sections, this study introduces a first step 
toward Dynamic Contingency Model of Crowding, which 
conceptualizes perceived crowding as a dynamic nego-
tiation between tourists’ agency, referring to their capacity 
to proactively seek, interpret, and apply information, and 
destination-specific constraints, namely, spatial constraints, 
environmental volatility, and regional typology. Integrating 
principles from Expectation Disconfirmation Theory (Boo & 
Busser, 2018; Oliver, 1980; Rasoolimanesh & Jaafar, 2016), 
Social Exchange Theory (Gursoy et al., 2002), and spatial 
psychology (Papadopoulou et al., 2022; Stokols, 1972), the 
model positions perceived crowding as a complex and inter-
active phenomenon, significantly shaped by context-spe-
cific moderators and tourists’ adaptive behaviors mediated 
through smart tourism tools (Buhalis & Amaranggana, 2015; 
Xiang & Fesenmaier, 2020). At the core of the Dynamic 
Contingency Model lies tourists’ agency, operationalized 
through their information-seeking behaviors, timing of 
information usage, and familiarity with the destination. The 
effectiveness of tourists’ agency in managing crowding per-
ceptions is inherently moderated by three contextual site-
related factors: spatial constraints, environmental volatility, 
and regional typology.

Central to the model are two interpretive mechanisms that 
shape how agency and constraints translate into perceived 
crowding: expectation alignment and trust in information 
sources. Expectation alignment is the degree to which pre-
trip crowding expectations match on-site experience; mis-
alignment, especially among first-time visitors, amplifies 
perceived crowding and dampens revisit intentions (Boo & 
Busser, 2018; Oliver, 1980; Rasoolimanesh & Jaafar, 2016). 
Trust in information sources further influences tourists’ 
responses by influencing the likelihood that visitors adopt 
and act upon the provided information. Informal informa-
tion sources typically generate higher trust, especially in 
uncertain or volatile contexts, due to their context-rich, 
personalized nature, thereby significantly reducing tour-
ists’ perceived crowding (Cox et al., 2009; Gursoy et al., 
2017; Yoo & Choi, 2022). Ultimately, perceived crowd-
ing, defined as tourists’ subjective cognitive and emotional 
evaluation of visitor density (Shelby et al., 1989; Vaske & 
Shelby, 2008), is the dependent outcome influenced by these 
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dynamic interactions. By integrating tourists’ information-
seeking agency, destination-specific constraints, and the con-
ditioning effects of expectation alignment and information 
trust, the Dynamic Contingency Model reframes crowding 
not merely as a passive result of visitor density but rather as 
an actively negotiated, contextually sensitive phenomenon 
(Manning, 2011; Stokols, 1972).

Through synthesizing these theoretical dimensions, the 
Dynamic Contingency Model contributes significantly to 
the literature by moving beyond static models of crowding 
and offering researchers and practitioners a comprehensive 
framework to understand and manage crowding in diverse 
tourism contexts. This approach provides nuanced insights 
for context-specific interventions, particularly highlight-
ing conditions under which different information sources, 
timing strategies, and familiarity levels effectively mitigate 
perceived crowding, thereby supporting sustainable tour-
ism management practices (Buhalis, 2019; Milano et al., 
2021). Figure 1 illustrates this Dynamic Contingency Model, 
clearly depicting the interconnections among tourists’ 
agency, site-related constraints, influencing mechanisms, 
and perceived crowding. Through its visual and theoretical 

clarity, this figure underscores the complexity and contex-
tual specificity inherent in perceived crowding experiences, 
aligning theoretical rigor with actionable strategies for 
sustainable tourism management. External effects, such as 
broader systemic or infrastructural influences, are not visu-
alized in the diagram for reasons of optical simplification.

Research method

Methodological approach

We adopted a deductive, hypothesis-driven quantitative 
design to empirically test the hypotheses derived from the 
Dynamic Contingency Model of Crowding. A structured 
survey was administered to 5557 visitors across six tourism 
locations in Germany, generating the large dataset required 
for multivariate analysis. The instrument operationalized all 
independent, moderating, and dependent constructs speci-
fied in hypotheses H1–H3 and their sub-hypotheses. This 
confirmatory approach enables rigorous statistical evaluation 
of the proposed relationships, rather than inductive pattern 

Table 1   Moderator hypotheses and their rationale

Hypothesis Rationale

H1a (Spatial Constraints): Informal sources reduce perceived crowd-
ing more effectively in restricted spaces, while formal sources are 
more effective in open spaces

Restricted spaces limit dispersion, making crowdsourced tips critical 
for avoiding congestion (Centorrino et al., 2021; Fotis et al., 2012; 
Mancini et al., 2018; Manning et al., 1996)

H1b (Environmental Volatility): Formal information sources reduce 
perceived crowding more effectively in high-volatility environments, 
while informal sources suffice in stable environments

Dynamic conditions increase reliance on standardized, officially curated 
information; predictable settings can be navigated with peer advice (Duives 
et al., 2020; Guo et al., 2019; Lawson et al., 2003; Scott et al., 2012)

H1c (Regional Typology): Formal sources reduce perceived crowding 
more effectively in urban regions, while informal sources are more 
effective in natural regions

Urban tourists prioritize structured tools (e.g., timed tickets), while 
natural-region visitors rely on peer recommendations (Buhalis & 
Amaranggana, 2015; Fotis et al., 2012; Xiang & Gretzel, 2010)

H2a (Spatial Constraints): Real-time information reduces perceived 
crowding more effectively in restricted spaces, while pre-trip infor-
mation suffices in open spaces

Density in confined spaces can spike within minutes; real-time information 
enables immediate evasive action and reduce crowd stress. In expansive 
areas congestion builds predictably, so information gathered pre-trip is 
usually sufficient (Chang & Lee, 2023; Pan & Fesenmaier, 2006)

H2b (Environmental Volatility): Real-time information significantly 
lowers perceived crowding in high-volatility environments, whereas 
pre-trip information is sufficient in stable environments

Weather-dependent and highly volatile trails require live updates 
to avoid overcrowding during safe windows (Duives et al., 2020; 
Fesenmaier et al., 2011; Guo et al., 2019; Koukopoulos et al., 2018)

H2c (Regional Typology): Pre-trip information is more effective for 
managing crowding in urban regions, while real-time information 
better alleviates crowding in natural regions

City itineraries hinge on pre-booked slots, so advance information has 
the greatest impact on crowd relief. Outdoor trips evolve in situ; live 
ranger alerts or crowd-level apps therefore offer the stronger mitigation 
in natural areas (Buhalis & Amaranggana, 2015; Poria et al., 2006)

H3a (Spatial Constraints): The familiarity effect reduces perceived 
crowding more in restricted spaces than in open spaces

Returning visitors know alternative routes and ideal times in cramped 
venues, giving them a perceptual edge; in open settings everyone can 
self-disperse, so familiarity yields only minor benefits (Arnberger & 
Brandenburg, 2007; Kim & Shelby, 2011; Manning et al., 1996)

H3b (Environmental Volatility): Repeat visitors tolerate crowding 
better in high-volatility environments than first-time visitors. In 
stable environments, both groups perceive similar crowding levels

Experience equips travelers with contingency tactics, allowing repeat 
visitors to tolerate volatile crowd swings better than first-timers; when 
conditions are predictable, this familiarity gap disappears (Kim & 
Shelby, 2011; Manning et al., 1996)

H3c (Regional Typology): The familiarity effect reduces perceived 
crowding more in natural regions than in urban regions

Repeat visitors discover secluded spots in natural areas, while urban 
congestion is unavoidable (Kim & Shelby, 2011; Poria et al., 2006)
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seeking, and supports hypothesis testing using quota-based 
on-site sampling and standardized measures. Qualitative 
techniques were deemed inappropriate for the study’s the-
ory-testing objective, as they prioritize contextual depth over 
the inferential precision needed to validate (or falsify) the 
model’s predictions.

Survey design

To test the hypotheses, we employed a survey-based 
method. It offers efficient means to collect large datasets 
that enhance the reliability and robustness of findings 
(Kuphanga, 2024). We specifically opted for face-to-face 
surveys since they allow direct data collection from on-site 
participants and provide contextually relevant insights. One 
of the key strengths of those survey studies is the ability of 
administrators meet predefined quotas and secure adequate 
sample sizes at each site and meet the required minimum 
number of respondents. The surveys aimed to obtain infor-
mation on the guest structure, their perception of crowd-
ing, the timing of information, and the use of information 
channels in the respective destinations. Furthermore, we 
included questions on socio-demographic characteristics, 
including age, gender, and educational level, which are cru-
cial for understanding the types of tourists present in differ-
ent locations (Ma et al., 2018; Šagovnović & Bozic, 2021).

Six locations were selected to ensure variance across 
key moderators (regional typology, spatial constraints, and 
environmental volatility), reflecting careful, theory-driven 
research planning. Each site was specifically chosen based 
on an extensive literature review and expert consultations, 
ensuring diversity and comparability within these moder-
ating factors. Regional typology distinguished locations as 
either urban or natural, based on their dominant functional 
characteristics and visitor activities. Füssen, located in 
Bavaria and renowned for its proximity to Neuschwanstein 
Castle, represented the only primarily urban location, offer-
ing historical sightseeing and structured urban leisure activi-
ties. In contrast, the remaining five locations, the Allgäu 
Rural Area (Bavaria), Sauerland and Ruhr Valley Cycle Path 
(North Rhine-Westphalia), and the Baltic and North Sea 
Coasts (Northern Germany), were categorized as natural set-
tings, characterized predominantly by outdoor recreational 
activities such as hiking, cycling, swimming, and nature 
exploration. Spatial constraints were classified into three cat-
egories based on the physical layout and navigational restric-
tions present at each location: restricted, mixed, or open. The 
Ruhr Valley Cycle Path was categorized as restricted due to 
its linear and narrow infrastructure, limiting visitor move-
ment and creating clear physical bottlenecks. Füssen, with 
a combination of narrow historical streets and open leisure 
areas, was classified as mixed. The remaining locations, the 
Allgäu Rural Area, Sauerland, and the two coastal regions, 
were characterized as open spaces, permitting wide disper-
sion of visitors due to expansive spatial layouts.

Fig. 1   Dynamic Contingency Model of Crowding: tourists’ agency (information source, timing, familiarity) interacts with site-related constraints 
(spatial constraints, environmental volatility, regional typology) to shape perceived crowding via expectation alignment and source trust
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Environmental volatility was operationalized into three 
levels, low, moderate, and high, reflecting the predictabil-
ity and stability of environmental conditions. This classi-
fication was grounded in environmental psychology and 
resilience theory literature (Hallo & Manning, 2009; Scott 
et al., 2012). The Ruhr Valley Cycle Path and the Allgäu 
Rural Area were classified as low volatility due to stable and 
predictable environmental conditions, facilitating reliable 
pre-trip planning. Füssen and the Baltic Sea Coast, char-
acterized by moderate seasonal variability and occasional 
weather disturbances, were classified as moderate volatility. 
Finally, Sauerland (subject to frequent weather variability 
in mountainous terrain) and the North Sea Coast (exposed 
to strong tidal variations and rapidly changing weather con-
ditions) were identified as high-volatility locations. This 
careful classification enabled robust testing of hypotheses 
related to how context-specific factors moderate the rela-
tionship between tourist information-seeking behavior and 
perceived crowding.

Operationalization of variables

To gather information about tourists’ ratings on certain mat-
ters, we employed Likert scales, a widely known method 
for collecting participants’ opinions in surveys (Jebb et al., 
2021). These scales enable respondents to express their level 
of agreement or disagreement without being confined to 
absolute positions, offering a range of options to capture the 
nuances of their views (Heo et al., 2022). Due to the numeri-
cal nature of these scales, they are well suited for statistical 
analysis, facilitating straightforward interpretation and inte-
gration into quantitative research methods (Li, 2013). In this 
study, the dependent variable measuring the perception of 
crowding was assessed using a 10-point scale (Bayol, 2021; 
Coelho & Esteves, 2007). The scale ranges from 1, labeled 
“not crowded at all,” to 10, labeled “extremely crowded,” 
and can, therefore, be treated as an ordinal-level variable.

The three independent variables, “First Time Visitor,” 
“Information Sources,” and “Information Timing,” were 
collected via closed-ended multiple-choice questions, which 
is a widely accepted method for capturing behavioral and 
cognitive responses in research (Dillman et al., 2014; Veal, 
2018). Respondents were allowed to select multiple options 
for “Information Sources” and “Information Timing.” To 
analyze these responses, we utilized a dummy encoding 
approach, where each option was encoded as a separate 
variable (1 = selected, 0 = not selected). Information source 
was elicited with a pre-trip checklist that included web 
information, print media, and personal contacts. Informa-
tion timing was elicited with a separate item asking whether 
information was used before the trip or in real time during 
the trip. The instrument, therefore, treats source and timing 
as related but distinct constructs. It does not identify the 

platform used during the trip. For example, “web” indicates 
that web sources were used at some point, typically pre-trip, 
and “in real time during trip” indicates within-trip use of 
any source. Visitor familiarity is measured through the vari-
able “First Time Visitor,” where respondents could select 
if they had visited before or not. This approach is strongly 
supported by precedent in the literature, as evidenced by 
several studies that have utilized this classification to explore 
visitor behavior effectively (Chi, 2012; Lau & McKercher, 
2004; Oppermann, 1997; Wang, 2004). An overview of all 
variables, along with their corresponding survey questions 
and possible values, is presented in Table 2. The variables 
can be classified into two categories: categorical or numeric 
(Dettori & Norvell, 2018).

Data collection

Our face-to-face surveys on visitor behavior were conducted 
through a survey operator at six locations in Germany. The 
surveys comprised 20 questions and were designed to take 
between 8 and 10 min to complete. The surveys were con-
ducted from July to September 2022. The target population 
for the study included visitors whose purpose was tourism 
or recreation at the specified locations. Respondents were 
required to be aged 14 and older and possess sufficient Ger-
man language proficiency to understand and complete the 
survey independently. We employed a quota non-probability 
sampling method, allowing us to draw meaningful conclu-
sions from the data gathered, even though it was not a ran-
dom probability sample (Kuphanga, 2024). This method 
facilitated the inclusion of a diverse range of respondents.

Pre‑cleaning procedures and data preparation

Data quality was continuously monitored during fieldwork 
using a Computer‑Assisted Personal Interviewing (CAPI) 
system. Interviews were uploaded in real time to the survey 
operator’s secure server, enabling immediate checks and 
corrections. Supervisors reviewed interviewer performance 
through daily debriefings and verified adherence to field pro-
tocols, ensuring a consistent data‑collection process. Sys-
tematic quality control during and after data collection led 
to the exclusion of 26 interviews (0.47% of 5583 completed 
cases), yielding a final analytical sample of 5557. Exclu-
sions were based on six distinct, pre-defined criteria that 
covered both data-quality issues and protocol compliance 
(for more information, refer to Appendix 1: Data Collection 
and Cleaning Process for Face-to-Face Surveys).

After receiving the pre-cleaned file, additional prepa-
ration steps were undertaken for analysis. Missing data in 
binary‑choice questions were imputed as “Not selected” to 
preserve consistent coding across items (e.g., for dummy 
variables). The variables used for the analysis were examined 
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for data entry errors, and where impossible values were 
detected (for instance, a score of 12 on a 10-point scale), 
they were recoded as missing values and treated accordingly 
in subsequent analyses. In total, 21 cases were affected by 
this correction. Categorical variables (e.g., gender, educa-
tion, first‑time visitor) were dummy encoded for regres-
sion, with one category set as the reference (Venkataramana 
et al., 2016). Cross‑item consistency checks (for example, 
between pre‑trip research and travel‑experience items) were 
performed to ensure coherence of related responses. These 
steps resulted in a clean and internally consistent dataset 
used for all statistical analyses.

Descriptive analysis

The final sample consisted of 5557 respondents. Of these, 
approximately 52% identified as female, 47% as male, and 
less than 1% as gender diverse. Educational attainment var-
ied among participants: approximately 34% had obtained 
a secondary school certificate, another 34% held a general 
qualification for university entrance, 22% possessed a uni-
versity degree, and 9% had a lower secondary school certifi-
cate. The remaining 1% either had other forms of education 
or no formal qualifications. When queried about informa-
tion-seeking for their trip, 52% responded affirmatively, 47% 
negatively, and less than 1% chose not to respond. Moreover, 
72% of visitors were repeat visitors, while 28% visited for 
the first time. The statistical summary of our dataset is pre-
sented in Table 3, and an overview of the locations with the 
main characteristics can be seen in Fig. 2.

Modeling strategy

To test hypotheses H1–H3 and the moderated variants 
H1a–H3c, we estimate Ordered Logistic regression models 

that respect the 10-point ordinal outcome. We therefore esti-
mate proportional odds in the models by maximum like-
lihood and report odds ratios (OR) with 95% confidence 
intervals and two-sided Wald p-values.

Ordered Logistic regression is a statistical method for 
ordinal data employed to explore relationships between per-
ceived crowding and various independent variables (McCul-
lagh, 1980). In this study, Ordered Logistic regression was 
used in an exploratory capacity, rather than for predictive 
purposes, to better understand the associations between the 
dependent variable (perceived crowding) and the set of inde-
pendent variables. Using Ordered Logistic regression has 
been proven valuable in various fields of study, like medicine 
(Agga & Scott, 2015; Bender & Grouven, 1997; Moawed 

Table 2   Overview of variables

Variable Type Question Values

Age Numeric Could you please tell us your age? 0–99
Household size Numeric How many people live in your household in total, 

including yourself?
1–10

Gender Categorical Which gender do you identify with? Male, Female, Diverse
Education Categorical What is your highest degree of education? No degree, Secondary school degree, High School 

degree, University degree, Other
First-time visitor Categorical Are you here for the first time today? Yes, No
Information sources Categorical Independently of your current visit here in the area: 

What kind of information sources do you generally 
use to gather information about tourist offers/excur-
sion possibilities?

Web information, Print media, Personal contacts 
(informal)

Information timing Categorical When did you seek information about your current 
travel destination?

Multiple days before, Before departure, During trip

Perceived crowding Ordinal How crowded do you perceive the destination today? 1 (not crowded at all)–10 (extremely crowded)

Table 3   Statistical description of the sample (N = 5557)

Category Subcategory Frequency Percent

Gender Male 2654 47.7%
Female 2887 52.0%
Diverse 16 0.3%

Age 14–20 107 1.9%
20–30 503 9.0%
30–40 1021 18.4%
40–50 1175 21.1%
50–60 1332 23.9%
60–70 982 17.7%
70–80 343 6.2%
80–90 91 1.6%
90–99 3 0.05%

Education University 1235 22.2%
Secondary 1898 34.1%
High school 1877 33.8%
No degree and Other 547 9.8%
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& El-Aziz, 2022), computer science (Issa & Kogan, 2014; 
Pierola et al., 2016), and environmental science (Kropat 
et al., 2017; Mphekgwana, 2022). The Ordered Logistic 
regression is an extension of the binary response model. Its 
concise form is defined as

where

and �j are the thresholds (Hilbe, 2009).
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Visitor-level “agency” predictors include familiarity 
(first-time visitor), information timing (multi-day pre-trip 
planning; real-time/on-site information; reference = informa-
tion shortly before departure), and information source (web, 
print, personal contacts (informal); each coded 1 = selected, 
0 = not selected). Odds ratios greater than 1 indicate higher 
odds of being in a higher crowding category.

To test contextual contingency in a single, comparable 
framework, we pool all destinations and include two site-
level moderators that are constant within sites: environmen-
tal volatility (Low, Moderate, High) and spatial constraints 
(Mixed, Open, Restricted). In the pooled specification, both 
moderators enter as factor main effects (references: High 
volatility and Mixed constraints) and as full interaction 
blocks with each agency variable. With six agency predictors 

Fig. 2   Overview of locations
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and two three-level moderators, this yields 24 interaction 
terms (6 × (3 − 1) + 6 × (3 − 1) = 24), which identify H1–H3 
through agency main effects and H1a–H3b through the 
interaction blocks. As responses are clustered within six 
destinations, moderators such as spatial constraints and 
environmental volatility are constant within sites. Pooled 
coefficients on such moderators and their interactions can 
reflect unobserved site features in addition to the moderator 
itself.

Regional typology (urban vs. natural) is not included as a 
pooled moderator. Estimating “urban” as a pooled moderator 
would be statistically fragile and substantively ambiguous 
in our data because Urban is represented by a single site. In 
such cases, the “urban” main effect and all Urban × (agency) 
interactions are effectively aliased with that site’s unob-
served idiosyncrasies (management practices, micro-lay-
out, season, event calendar), so any moderation attributed 
to “urban” cannot be disentangled from a single-site effect. 
Best-practice guidance for higher-level (site-constant) mod-
erators stresses that cross-level interactions require sufficient 
Level-2 units to produce identifiable and stable estimates; 
with very few groups, coefficients and standard errors 
become unreliable and generalizability is compromised 
(Aguinis et al., 2013; Enders & Tofighi, 2007; Hox et al., 
2017; Maas & Hox, 2005). Relatedly, cluster-robust infer-
ence deteriorates with a small number of clusters, and “one 
treated cluster” designs (here: the only urban site) are well 
known to yield fragile inferences (Cameron & Miller, 2015). 
Following this guidance, we therefore estimate two auxiliary 
Ordered Logistic models, one for the urban site and one for 
the pooled natural sites, using the same agency predictors. 
This stratified approach transparently describes typology 
differences while avoiding over-generalization from a sin-
gle urban case and aligns with recommendations to analyze 
site-constant moderators via subgroup models when within-
category site counts are insufficient (Gelman & Hill, 2006).

Model checks

All prerequisites of Ordered Logistic regression were thor-
oughly examined and met. The dependent variable, rep-
resenting the perception of crowding, consists of integer 
values between 1 and 10 that represent the level of crowd-
edness, qualifying as ordinal data.

We evaluate model adequacy via log-likelihood, AIC, 
Nagelkerke R2, and likelihood-ratio tests comparing the 
pooled interaction model to a main-effects Ordered Logis-
tic benchmark (Table 7 in the Appendix A2). The propor-
tional-odds assumption is examined using Brant tests, cf. 
Tables A2.2, A2.3, and A2.4 in Appendix 2. The variance 
inflation diagnostics indicate low collinearity among pre-
dictors well below conventional thresholds; in our data, 
VIFs were < 4. Hessian conditioning and standard-error 

magnitudes were inspected to confirm numerical stability. 
For interpretation, we present ORs for all terms and report 
simple effects (agency effects at each moderator level) 
directly via the interaction rows in Table 4. Finally, the 
results were interpreted using a 95% confidence interval, 
ensuring a high level of statistical reliability in the conclu-
sions (Hazra, 2017).

Results

The Ordered Logistic regression analysis revealed nuanced 
relationships between tourists’ perceived crowding, their 
information-seeking behavior, and the spatial-environmental 
constraints of destinations. In Tables 4 and 5, we synthe-
size the findings in alignment with the study’s hypotheses, 
emphasizing effect sizes, 95% confidence intervals (CIs), 
and theoretical implications.

Predicted margins

To aid interpretation of significant interactions, we com-
puted average predicted probabilities of high perceived 
crowding (Y ≥ 7) from the pooled Ordered Logistic model. 
For each moderator, spatial constraints (mixed/open/
restricted), environmental volatility (low/moderate/high), 
and regional typology (urban/natural), we contrasted formal 
versus informal information sources and real-time versus not 
real-time information timing, holding all other regressors at 
their observed values (marginal standardization). Then, 95% 
confidence intervals were obtained via 500 bootstrap resam-
ples with replacement, stratified by site to preserve within-
destination dependence. Full numerical results appear in 
Appendix Tables A2.5–A2.10; visualization is provided in 
Appendix Figures A2.1–A2.6.

Hypothesis 1: The efficacy of information sources

The first hypothesis posited that informal information 
sources (e.g., personal contacts (informal)) would reduce 
perceived crowding more effectively than formal sources 
(e.g., web-based platforms). In the pooled model, none of 
the information-source main effects is statistically signifi-
cant, Web OR = 1.34, p = 0.261. Print OR = 1.32, p = 0.224. 
Personal contacts (informal) OR = 1.08, p = 0.716. Effects 
are contingent on context. Therefore, H1 is not supported.

H1a, spatial constraints  The proposition that informal 
sources are more effective in restricted spaces, and for-
mal sources more effective in open spaces, receives 
partial approval. In restricted areas, contacts and web 
both reduce perceived crowding, Restricted × Contacts 
OR = 0.31, p < 0.001, Restricted × Web OR = 0.48, p = 0.022, 
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Table 4   Ordered Logistic Regression with interaction terms results highlighting significant predictors of tourists’ perceived crowding with 95% 
confidence interval

Italicised cells indicate coefficients significant at p 0.05

Predictors Odds ratios (OR) CI_low CI_high p-value

First-time visitor 0.60 0.40 0.90 0.015
Low volatility 0.71 0.50 1.03 0.069
Moderate volatility 1.59 1.14 2.20 0.006
Open area 1.20 0.75 1.92 0.447
Restricted area 3.35 1.81 6.22  < 0.001
Web information sources for information (pre-trip) 1.34 0.81 2.21 0.261
Print media sources for information (pre-trip) 1.32 0.84 2.08 0.224
Personal contacts (informal) (informal) for information (pre-trip) 1.08 0.71 1.65 0.716
Pre-trip information collection, multiple days before the trip 0.96 0.59 1.54 0.854
Information collection, real-time during the trip 5.40 0.69 42.33 0.108
First-time visitor × low volatility 0.93 0.68 1.29 0.682
First-time visitor × moderate volatility 1.34 0.95 1.90 0.099
First-time visitor × open area 1.32 0.91 1.90 0.144
First-time visitor × restricted area 1.72 0.98 3.04 0.059
Low volatility × web information sources for information (pre-trip) 0.99 0.69 1.42 0.940
Moderate volatility × web information sources for information (pre-trip) 1.20 0.86 1.68 0.282
Open area × web information sources for information (pre-trip) 0.75 0.47 1.21 0.238
Restricted area × web information sources for information (pre-trip) 0.48 0.26 0.90 0.022
Low volatility × print media sources for information (pre-trip) 0.98 0.67 1.44 0.928
Moderate volatility × print media sources for information (pre-trip) 0.87 0.60 1.26 0.457
Open area × print media sources for information (pre-trip) 0.80 0.54 1.18 0.263
Restricted area × print media sources for information (pre-trip) 0.57 0.31 1.05 0.072
Low volatility × personal contacts (informal) for information (pre-trip) 1.21 0.87 1.68 0.252
Moderate volatility × personal contacts (informal) for information (pre-trip) 0.97 0.69 1.37 0.866
Open area × personal contacts (informal) for information (pre-trip) 0.87 0.59 1.27 0.467
Restricted area × personal contacts (informal) for information (pre-trip) 0.31 0.18 0.54  < 0.001
Low volatility × pre-trip information collection, multiple days before the trip 0.56 0.40 0.79 0.001
Moderate volatility × pre-trip information collection, multiple days before the trip 1.08 0.70 1.66 0.739
Open area × pre-trip information collection, multiple days before the trip 1.76 1.14 2.72 0.011
Restricted area × pre-trip information collection, multiple days before the trip 2.11 1.04 4.26 0.038
Low volatility × information collection, real-time during the trip 0.21 0.05 0.83 0.027
Moderate volatility × information collection, real-time during the trip 0.19 0.02 1.41 0.104
Open area × information collection, real-time during the trip 0.48 0.07 3.10 0.439
Restricted area × information collection, real-time during the trip  < 0.01 0.00 0.00  < 0.001

Table 5   Ordered logistic regression results for split models (urban and natural regions), highlighting significant predictors of tourists' perceived 
crowding with 95% confidence interval

Italicised cells indicate coefficients significant at p 0.05

Predictors Urban sites Natural sites

Odds ratios 
(OR)

CI_low CI_high p-value Odds ratios 
(OR)

CI_low CI_high p-value

First-time visitor 0.77 0.62 0.96 0.023 0.85 0.76 0.96 0.010
Web information sources for information (pre-trip) 1.74 1.18 2.57 0.006 0.85 0.76 0.96 0.011
Print media sources for information (pre-trip) 1.17 0.90 1.54 0.245 1.00 0.87 1.15 0.998
Personal contacts (informal) for information (pre-trip) 1.07 0.83 1.36 0.611 0.79 0.70 0.89  < 0.001
Pre-trip information collection, multiple days before the trip 1.05 0.85 1.29 0.661 1.29 1.12 1.48  < 0.001
Information collection, real-time during the trip 1.01 0.67 1.55 0.947 0.73 0.40 1.35 0.318
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Restricted × Print OR = 0.57, p = 0.072. No advantage 
for formal sources appears in open areas, Open × Web 
OR = 0.75, p = 0.238, Open × Contacts OR = 0.87, p = 0.467, 
Open × Print OR = 0.80, p = 0.263.

H1b, environmental volatility  The proposition that formal 
sources are superior in high volatility and informal sources 
suffice in stable environments is not supported. Interactions 
between volatility and sources are not significant, Low × Web 
OR = 0.99, p = 0.940, Moderate × Web OR = 1.20, p = 0.282, 
Low × Print OR = 0.98, p = 0.928, Moderate × Print OR = 0.87, 
p = 0.457, Low × Contacts OR = 1.21, p = 0.252, Moder-
ate × Contacts OR = 0.97, p = 0.866.

H1c, regional typology  The proposition that formal sources 
are more effective in urban regions and informal sources 
more effective in natural regions receives partial approval. 
In urban sites, web is associated with higher perceived 
crowding, OR = 1.74, p = 0.006, and contacts and print 
are non-significant, OR = 1.07, p = 0.611, and OR = 1.17, 
p = 0.245. In natural sites, contacts reduce perceived 
crowding, OR = 0.79, p < 0.001, web shows a small reduction, 
OR = 0.85, p = 0.011, and print is null, OR = 1.00, p = 0.998.

Hypothesis 2: The timing of information use

The second hypothesis argued that real-time information 
would outperform pre-trip planning in dynamic contexts. 
Pooled main effects are not significant, Pre-trip multiple days 
OR = 0.96, p = 0.854, At-destination near real time OR = 5.40, 
p = 0.108, so no overall advantage of timing is observed.

H2a, spatial constraints  The proposition that real-time 
reduces perceived crowding in restricted spaces and pre-trip 
information suffices in open spaces is partially supported. 
Real-time information is associated with a reduction in per-
ceived crowding in restricted spaces, Restricted × Real-time 
p < 0.001, but this contrast relies on a very small stratum 
(n = 6) and should be interpreted cautiously. Pre-trip multiple 
days does not suffice in open areas and instead increases per-
ceived crowding, Open × Multiple days OR = 1.76, p = 0.011.

H2b, environmental volatility  The proposition that real-
time reduces perceived crowding in high volatility and pre-
trip information suffices in stable environments is partially 
supported. Reductions occur in low volatility for both real-
time and pre-trip, Low × Real-time OR = 0.21, p = 0.027, 
Low × Multiple days OR = 0.56, p = 0.001. There is no sup-
port for reductions in high volatility.

H2c, regional typology  The proposition that pre-trip infor-
mation works better in urban regions and real-time works 

better in natural regions is not supported. The expected split 
does not materialize. Natural sites instead show a pre-trip 
increase, OR = 1.29, p < 0.001.

Hypothesis 3: The familiarity advantage

The third hypothesis postulated that repeat visitors would 
perceive less crowding than first-timers due to familiar-
ity. Results indicate the opposite. First-time visitors report 
lower perceived crowding in the pooled model, OR = 0.60, 
p = 0.015. The general hypothesis (H3) is not supported, 
direction is opposite to the hypothesis.

H3a, spatial constraints  Interactions indicate no stronger 
familiarity advantage in restricted spaces (First-time × Open: 
OR = 1.32, p = 0.144; First-time × Restricted: OR = 1.72, 
p = 0.059, marginal). H3a: not supported.

H3b, environmental volatility  The proposition that 
repeat visitors tolerate crowding better in high-volatility 
environments (with the familiarity gap disappearing in stable 
environments) is not supported. Interactions with volatility are 
not significant (First-time × Low: OR = 0.93, p = 0.682; First-
time × Moderate: OR = 1.34, p = 0.099, marginal).

H3c, regional typology  The first-time effect points to lower 
perceived crowding for first-timers in both contexts (Urban: 
OR = 0.77, p = 0.023; Natural: OR = 0.85, p = 0.010), coun-
ter to the hypothesized familiarity benefit. H3c: not sup-
ported, direction is opposite to the hypothesis.

A summary of the hypothesis testing is presented in 
Table 6. The key findings indicate that the efficacy of tour-
ist strategies is highly context dependent. Notably, both 
formal and informal information sources reduced crowd-
ing in restricted spaces, while formal tools were coun-
terproductive in urban settings. Perhaps the most striking 
result was a reversal of the classic familiarity advantage, 
with first-time visitors consistently reporting lower crowd-
ing perceptions than repeat visitors. The following discus-
sion interprets these nuanced results within the proposed 
Dynamic Contingency Model.

Discussion

Interpretation of the results

The dual role of information sources

The efficacy of information sources is not inherent but is 
critically dependent on contextual factors, a finding that 
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underscores the contingent nature of agency posited by 
Stokols (1972). The lack of significant main effects for any 
information source (H1) and the absence of volatility–source 
interactions (H1b not supported) challenge the expectation 
of universal superiority for informal networks derived 
from Social Exchange Theory (SET) (Gursoy et al., 2017). 
Operationally, SET’s trust/reciprocity mechanism maps to 
travel-information use: trust in UGC and source credibility 
conditions whether people act on guidance (Jacobsen & 
Munar, 2012; Yoo & Gretzel, 2010). Instead, their value, 
and that of formal tools, is unlocked only in specific spatial 
configurations. The finding that both web-based tools 
(formal) and personal contacts (informal) significantly 
reduced crowding in restricted spaces (H1a) reveals a crucial 
synergy. In high-pressure, bottlenecked environments, 
echoing the constraints noted in Manning et al.’s (1999) 
study of Yosemite, any vetted information provides a crucial 
advantage. Consistent with SET, both socially embedded tips 
and transparent, reliable official tools reduce the perceived 
costs and raise the benefits of following guidance when 
physical freedom is limited.

The hypothesized split between urban/formal and natural/
informal sources (H1c) received only partial support. In 
the urban site, web use is associated with higher perceived 
crowding; in natural regions, both contacts and web are 
associated with lower perceived crowding. This pattern 
refines the argument of Buhalis and Amaranggana (2015); 
while structured layouts may favor algorithmic solutions, 
poorly integrated or overwhelming digital information 
can paradoxically increase cognitive load, exacerbating 
perceived crowding (Neuhofer et al., 2015). Conversely, 
the effectiveness of both personal contacts and web tools 
in natural settings aligns with tourism information-behavior 
evidence that peer input and online search complement each 
other in flexible, route-finding contexts (Cox et al., 2009; 
Fotis et al., 2012; Pan & Fesenmaier, 2006).

Timing matters, but in complex and paradoxical ways

Hypothesis 2 was premised on the superiority of real-time 
information. The results, however, reveal a more complex 
story. The strong beneficial effect of real-time informa-
tion in restricted spaces (H2a) supports Hallo and Man-
ning’s (2009) successful shuttle systems, demonstrating 
its value in navigating immediate constraints. By contrast, 
pre-trip (multi-day) planning increases perceived crowding 
in open areas and, in the split models, in natural regions, 
indicating that rigid itineraries can be counterproductive 
in unconstrained or fluid environments. Contrary to H2b, 
reductions appear under low (not high) volatility. This pat-
tern is consistent with evidence on herding around user-
generated content, where people discount their own signals 

and imitate others’ cues, which can lead many users to 
converge on the same option even when alternative infor-
mation is available (Shen et al., 2016; Xue et al., 2020). 
H2c is not supported overall: the predicted urban advantage 
for pre-trip and natural advantage for real-time does not 
materialize.

Reconceptualizing familiarity: The paradox of experience

The most striking finding is the clear rejection of 
Hypothesis 3. Contrary to Expectation Disconfirmation 
Theory (Oliver, 1980), first-time visitors reported 
significantly lower perceived crowding than repeat visitors. 
This forces a substantial reconceptualization. Rather than 
calibrating expectations, prior knowledge may heighten 
sensitivity to crowding, making repeat visitors more 
acutely aware of and disturbed by increased density levels. 
This finding extends Hallo and Manning’s (2009) work 
on contingency strategies by suggesting that experience 
does not always equip visitors to cope better; sometimes, it 
makes them more critical. This pattern is not moderated by 
spatial constraints or volatility (H3a–H3b not supported) 
and holds in both urban and natural contexts (H3c not 
supported, opposite direction), suggesting a robust 
perceptual sensitization among repeat visitors.

Regional typologies: Nuance over dichotomy

The urban–natural dichotomy (Sever et al., 2018) remains 
useful but requires refinement. The divergent effects of web 
sources across the two typologies (H1c) confirm that des-
tination type matters. However, the effectiveness of both 
formal and informal tools in natural settings complicates a 
clean split. This supports Koens et al.’s (2018) critique of 
homogenized typologies but advances it by showing that the 
informational architecture of a destination, how information 
flows within its specific constraints, is a more productive 
lens than a macro-level label.

Synthesis: Bridging gaps for a new theoretical lens

Collectively, these findings expose fractures in crowd-
ing theory. First, the agency–constraint divide, personal 
strategies (information-seeking, familiarity) are neither 
fully empowering nor passive; they are conditioned by 
spatial-environmental contingencies. Second, the tech-
centric myopia, smart tourism overprioritizes formal tools, 
neglecting informal networks’ contextual value (Cox et al., 
2009; Molz, 2012). Third, the typology trap, urban/natural 
labels obscure how micro-level factors (volatility, bottle-
necks) dictate crowding responses. These tensions demand 
a framework that reconciles agency, constraints, and context, 
which we propose, called the Dynamic Contingency Model 
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of Crowding. Grounded in the synthesis of Social Exchange 
Theory (Gursoy et al., 2017), Expectation Disconfirmation 
Theory (Oliver, 1980), and spatial-environmental psychol-
ogy (Stokols, 1972), this model integrates the above findings 
into a cohesive lens for understanding crowding as a negoti-
ated process. It does not discard existing theories but recon-
textualizes them, offering a scaffold to address the fractures 
identified here. Building on this synthesis, we now articulate 
the study’s broader scientific and managerial significance.

Theoretical implications

This study advances the theoretical understanding of 
perceived crowding by resolving critical tensions in the 
agency–constraint paradox, redefining the role of informal 
information networks, and challenging the homogenization 
of destination typologies in crowding research. Three key 
contributions emerge: the agency–constraint dynamics, 
reconceptualization of informal networks in smart tourism, 
and dehomogenizing of destination typologies.

Agency‑constraint dynamics: toward a contingency 
framework

By empirically testing how tourists’ information-seeking 
agency interacts with site-related constraints, this study 
resolves the longstanding dichotomy between personal cop-
ing strategies and passive crowding responses. While prior 
frameworks (Manning, 2011; Stokols, 1972) treated agency 
and constraints as isolated dimensions, our findings dem-
onstrate that their interplay determines crowding percep-
tions. For instance, the efficacy of both informal and formal 
sources (H1a) in restricted spaces refines Social Exchange 
Theory’s (Gursoy et al., 2017) emphasis on trust and the 
argument for algorithmic solutions (Centorrino et al., 2021; 
Jacobsen & Munar, 2012; Kim & Shelby, 2011; Yoo & Gret-
zel, 2010). It shows that in high-pressure environments, the 
utility of information is contingent on its applicability to the 
constraint, whether its source is social or formal. Similarly, 
the reversed familiarity effect (H3), where first-time visitors 
reported lower crowding than repeat visitors, fundamentally 
challenges Expectation Disconfirmation Theory’s assump-
tion that prior experience universally buffers crowding stress 
(Oliver, 1980). This introduces a novel mechanism, percep-
tual sensitization, where prior experience heightens sensitiv-
ity to increases in density (and thus to perceived crowding), 
rather than buffering against them.

Reconceptualizing informal networks in smart tourism

The study counters the tech-centric bias in smart tour-
ism literature (Buhalis, 2019; Gretzel et  al., 2015) by 

demonstrating that efficacy is contextual, not inherent to 
the technology. We empirically validate the critical value of 
informal networks in natural settings, while simultaneously 
revealing a key nuance: formal web-based tools can also be 
effective in natural and restricted contexts. This challenges 
the primacy of either source. Furthermore, the finding that 
web-based tools were counterproductive in urban settings 
(H1c) directly challenges the assumption of their universal 
dominance. Ultimately, the context-dependent efficacy of 
both source types challenges the broader assumption that 
digital solutions universally supersede informal strategies.

Dehomogenization of destination typologies

By treating regional typology alongside spatial constraints 
and environmental volatility, this study challenges the field’s 
tendency to homogenize crowding dynamics. We find that in 
natural regions, web-based (formal) tools are associated with 
modest reductions in perceived crowding, whereas in the urban 
site web use is associated with higher perceived crowding. 
This asymmetric pattern underscores the inadequacy of one-
size-fits-all frameworks and challenges simplistic tech-centric 
narratives. It supports Sever et al.’s (2018) call for typology-
sensitive models and adds granularity by linking efficacy to 
spatial structure (e.g., urban grids vs. natural dispersal). Vol-
atility further conditions timing: benefits appear under low, 
not high, volatility, and multi-day pre-trip planning increases 
perceived crowding in open/natural contexts. Together, these 
results highlight the primacy of micro-level constraints (bottle-
necks, predictability) over broad regional labels in determining 
information utility, arguing for a shift from destination-level 
categorization to contextual hierarchies where interventions 
prioritize immediate spatial and environmental conditions.

Synthesis: Dynamic contingency model

In synthesizing these contributions, we make a first step 
toward the Dynamic Contingency Model of Crowding, which 
posits that perceived crowding emerges from the interaction of 
three contingencies. First, the agency–constraint fit the align-
ment between tourists’ information strategies (type, timing) 
and site-specific limitations (spatial, environmental). Second, 
informational polycentrism, the context-dependent balance 
between formal and informal sources. And third, contextual 
hierarchy, the primacy of micro-level constraints (volatility, 
bottlenecks) over macro-level typologies (urban/natural). 
This model resolves the agency–constraint paradox by fram-
ing crowding not as a static outcome but as a negotiated pro-
cess where tourists dynamically adapt and are constrained by 
their environments. It also repositions smart tourism tools as 
contingent enablers rather than universal solutions, offering a 
roadmap for context-sensitive crowding management.
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Practical implications

This study’s findings, grounded in a conceptual framework 
where perceived crowding emerges from the interplay of 
tourists’ agency and site-related constraints, offer actionable 
strategies for destination managers. Critically, spatial bot-
tlenecks, environmental volatility, and regional typology act 
as moderators that shape the efficacy of crowding mitigation 
strategies. To align interventions with these dynamics, prac-
titioners should prioritize context-sensitive approaches that 
account for how constraints mediate tourists’ information-
seeking behavior and adaptability. First, informal informa-
tion networks (e.g., peer recommendations, local guides) and 
well-designed formal tools both reduced perceived crowding 
in restricted spaces. This aligns with the model’s emphasis 
on socially embedded trust (Jacobsen & Munar, 2012; Yoo 
& Gretzel, 2010), suggesting that managers should integrate 
hyperlocal tips into mobile apps, for example, crowdsourced 
“hidden route” suggestions from residents or repeat visi-
tors. In urban spaces, web use was associated with higher 
perceived crowding in our split model. Managers should 
therefore simplify and throttle digital prompts, prioritize 
timed entry and physical flow design (e.g., queue geometry, 
one-way circuits), and reduce UI complexity to lower cog-
nitive load before layering real-time features (Centorrino 
et al., 2021; Mackay, 2023; Neuhofer et al., 2015). Second, 
environmental volatility moderates the utility of information 
timing. In highly volatile contexts, the utility of real-time 
information may be limited by herding behavior, where tour-
ists converge on perceived safe zones (Shen et al., 2016; 
Xue et al., 2020). To mitigate this, managers should pair 
real-time alerts with adaptive guidance from trained staff or 
AI-driven systems that reroute visitors dynamically (Hallo 
& Manning, 2009; Koulouris et al., 2024). Pre-trip plan-
ning tools, while essential, require recalibration in volatile 
regions: platforms should avoid rigid itineraries and instead 
emphasize flexible “plan B” options synced to live condi-
tions (Gössling & Hall, 2006; Scott et al., 2012).

Third, regional typology moderates the balance 
between formal and informal strategies. Urban destina-
tions, with centralized congestion points (e.g., museums, 
main squares), benefit from formal systems like timed 
entry slots or predictive crowd analytics (Bollenbach 
et al., 2024; Centorrino et al., 2021; Mackay, 2023). In 
contrast, natural regions demand decentralized solutions, 
such as partnerships with local guides to disseminate off-
trail recommendations or community-led social media 
groups (Cox et al., 2009; Fotis et al., 2012; Yoo & Gret-
zel, 2010). This reflects the model’s contextual hierarchy, 
where micro-level constraints (e.g., trail bottlenecks) over-
ride macro-level labels (urban/natural). Finally, the study 
underscores the need to align tourists’ expectations with 
on-site realities. Repeat visitors, being more sensitive to 

crowding, require management strategies that actively 
manage their expectations, such as communications that 
acknowledge changes or highlight improvements. First-
time visitors, conversely, benefit most from systems that 
provide clear, navigational aid to help them navigate con-
straints without overwhelming them (Klanjšček et  al., 
2018; Neuhofer et al., 2015).

To illustrate how these strategies have been imple-
mented in practice, we present three evidence-based exam-
ples. Yoshimura et al. (2017) documented Bluetooth-based 
tracking at the Louvre that enabled real-time monitoring 
and diagnosis of congestion hotspots. These insights were 
used to inform routing and exhibit management, illustrat-
ing how formal sensing infrastructures can support crowd 
mitigation in spatially constrained spaces. This supports 
our H2a finding on formal information efficacy in spatially 
constrained environments. Similarly, real-time monitoring 
pipelines that translate sensor streams into live density 
heatmaps can support dynamic re-routing and gate man-
agement, as reviewed by Duives et al. (2020) and demon-
strated in camera-based deployments at heritage sites (e.g., 
Guo et al., 2019) (H2b). As well, the Uffizi Gallery’s pre-
dictive and prescriptive entry-time system reduced exter-
nal queues by scheduling arrivals, illustrating how formal 
tools can improve flow where space is tight and demand is 
predictable (Attanasio et al., 2022) (H1c). Finally, Shoval 
and Ahas (2016) documented heterogeneous mobility pat-
terns using tracking technologies; combined with evidence 
on the influence and trustworthiness of peer-generated 
information (Cox et al., 2009; Fotis et al., 2012; Yoo & 
Gretzel, 2010), this motivates blending informal networks 
with formal tools in dispersed settings, consistent with 
H1a. By adopting these strategies, destinations can opera-
tionalize the Dynamic Contingency Model’s core tenet: 
perceived crowding is not merely a density function but 
a negotiated outcome of agency, constraints, and adap-
tive conditions. This shifts management paradigms from 
static, density-focused interventions to dynamic, tourist-
centered systems that harmonize smart technologies with 
the irreducible complexity of human and environmental 
interactions.

Conclusion

This study investigated the determinants of perceived 
crowding across six German tourist destinations, employ-
ing a contingency framework that integrates tourists’ 
agency, encompassing information-seeking behavior and 
familiarity, with site-related constraints such as spatial lay-
out, environmental volatility, and regional typology. By 
analyzing survey data from 5557 respondents, the research 
revealed that perceived crowding is not merely a product 
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of objective density, but a dynamic, subjective experience 
shaped by the complex interplay of proactive tourist strate-
gies and destination-specific limitations.

Key findings demonstrate that the efficacy of coping 
strategies is highly context dependent. Contrary to expec-
tations, no single information source was universally supe-
rior. Instead, both informal peer advice and formal web-
based tools were effective in navigating spatially restricted 
environments, while in natural settings, both could reduce 
crowding perceptions. Notably, formal digital tools were 
found to be counterproductive in urban settings, potentially 
increasing cognitive load. The timing of information also 
showed complex effects, with real-time data proving valu-
able in constrained spaces but pre-trip planning increasing 
crowding in natural areas due to inflexibility. Perhaps the 
most striking finding was a reversal of the classic famili-
arity advantage. First-time visitors reported significantly 
lower crowding perceptions than repeat visitors, suggesting 
that prior experience may heighten sensitivity to congestion 
rather than buffer against it. This effect was robust across 
different contexts. Collectively, these results challenge lin-
ear models of crowding and underscore the necessity for 
a contingency-based approach, where management strate-
gies are tailored to the specific interaction between tourist 
agency and environmental constraints.

Limitations and future research

While this study provides valuable insights, it is not with-
out its limitations. First, the data collection was limited to 
six locations in German tourist regions, which, although 
diverse, may not capture the full spectrum of visitor expe-
riences and crowding perceptions globally. Because the 
sample is strongly weighted toward rural and nature-ori-
ented destinations, our conclusions may not seamlessly 
extend to high-density city-tourism contexts; validating 
the model in iconic urban hotspots, therefore, remains an 
essential next step. The locations investigated in this study 
do not encompass all possible combinations of environ-
mental factors, leaving certain potential scenarios unrep-
resented. Crowding perceptions are likely to differ sig-
nificantly in urban centers, cultural heritage sites, national 
parks, and festivals, where the types and purposes of visi-
tation vary (Manning, 2011; Neuts & Nijkamp, 2012). 
Site-constant moderators are evaluated in pooled models 
with six sites. Estimates and p-values for such terms can be 
sensitive to unobserved site idiosyncrasies and the small 
number of clusters. Urban versus natural contrasts reflect 
a single urban site and should not be generalized to all 
urban destinations. The within-trip timing item does not 
distinguish channels; therefore, we cannot ascribe within-
trip associations to web or other formal tools.

Future research should focus on expanding the geographi-
cal scope by including more varied types of destinations, 
such as urban centers, rural areas in different countries, or 
even tourist events like festivals, all of which may exhibit 
unique crowding patterns. Second, the reliance on self-
reported survey data introduces the potential for response 
bias, where participants may underreport or overreport 
certain behaviors or sensitivities to crowding due to social 
desirability or recall bias. To enhance the robustness of 
findings, future studies could integrate objective crowd-
ing measures, such as real-time tracking via mobile GPS 
devices or crowd density sensors, alongside self-reported 
data. This integration would address the attitude–behavior 
gap, whereby tourists may underreport or overreport their 
crowding experiences due to recall bias or social desir-
ability (Manning et al., 1999; Vaske & Donnelly, 2002). 
It would provide a more comprehensive understanding of 
the relationship between objective and perceived crowding. 
Moreover, while the study highlights the role of information-
seeking behavior in mitigating perceived crowding, it does 
not explore the differential effectiveness of specific types of 
digital tools (e.g., mobile applications, social media, tour 
guides). As well, the explained variance is modest (Nagel-
kerke R2 ≈ 0.01–0.07), which is typical for ordinal satisfac-
tion/perception models. This underscores the role of unob-
served factors and motivates the additional moderators in 
future examinations.

Further research could examine the specific digital plat-
forms that tourists rely on most and assess how these real-
time information sources interact with crowding perceptions 
dynamically throughout a visit. A methodological caveat is 
that “real-time during-trip” information use may be reac-
tive to crowding (i.e., visitors seek real-time information 
because they perceive crowding), which can bias associa-
tions upward. A clean identification would restrict analysis 
to pre-trip measures, employ lagged designs, or use instru-
ments (e.g., exogenous signal outages or app coverage) for 
real-time usage. The incorporation of digital tools could 
also allow for real-time intervention by destination manag-
ers, which may be further explored. It could also investigate 
the long-term engagement of tourists with real-time data 
tools and assess the differential effectiveness of personal 
recommendations, guided apps, and AI-based itinerary 
recommendations.

Additionally, we acknowledge that while information-
seeking behavior and its interplay with environmental factors 
were the focus of our models, other factors, such as trip char-
acteristics or personal factors, likely play a role in shaping 
crowding experiences as well (Arnberger & Haider, 2005; 
Dogru-Dastan, 2022; Manning, 2011). These factors war-
rant further investigation, especially given the lower explan-
atory power of some of our models, which suggests that 
broader contextual elements could complement the aspects 
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of information-seeking behavior and environmental factors 
within the framework of crowding perceptions. Lastly, the 
data was gathered at a single point in time. Longitudinal 
research could be used to track how crowd perceptions 
evolve over time, particularly as destinations implement 
new management policies or when tourists return to familiar 
destinations. Such studies would also allow for monitoring 
behavioral shifts during different tourism seasons, offering 
predictive insights into tourist behavior and helping destina-
tions craft more adaptive management strategies.
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