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Abstract

Urban festivals attract substantial numbers of tourists, which consequently imposes signifi-
cant strain on host cities through spatial overcrowding, uneven pressure on infrastructure,
and diminished quality of the visitor experience. Destination management organizations
(DMOs) require effective tools to redistribute tourist flows; however, the influence of social
media on tourists” actual destination choices remains insufficiently understood. We ask
whether social media discussion intensity (“buzz”) causally influences tourists’ destination
choices and whether the effect grows stronger during festivals when information asym-
metry is at its peak. Combining 95,692 taxi GPS trajectories with 5995 geotagged Twitter
records from the 2019 Songkran Festival in Bangkok, we constructed an exponentially
weighted moving average (EWMA) buzz variable with a temporal lag that establishes
causal ordering. A conditional logit model shows that district-level buzz significantly
raises destination choice probability and that the effect is amplified during the festival.
Causal identification rests on a triangulated strategy that combines temporal lag, placebo
permutation, and Bartik shift-share instrumental variables. The festival-period IV-corrected
estimate (B = +0.019, p < 0.001) is 51% larger than the within-period OLS estimate
(B = 40.012, p < 0.001), a gap consistent with classical measurement-error attenuation
in sparse social-media data, and a panel 25LS analysis at the district-day level isolates a
causal visitation channel confirming that cascades reinforce spatial concentration at the
tourist-flow level. The aggregate Gini coefficient of spatial concentration declines over
the study window in a statistically significant monotonic trend. The positive district-level
correlation between buzz and congestion does not survive district and date fixed effects,
which indicates that it reflects underlying differences in attractiveness across districts rather
than a direct within-district channel. These findings provide an empirical foundation
for information-based visitor flow management by identifying the underlying behavioral
mechanism rather than evaluating a designed intervention.

Keywords: information cascade; information-based visitor management; sustainable
tourism; overtourism; GPS trajectory; social media

1. Introduction

Urban festivals stimulate local economic development and cultural exchange, but they
also place acute sustainability pressure on host cities [1,2]. Tourist flows concentrate during
festivals, degrading the environment, straining infrastructure, and reducing residents’
quality of life. This constellation of pressures is increasingly framed as “overtourism” [3,4].
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Bangkok’s Songkran Festival exemplifies this tension. The event draws millions of domestic
and international visitors each year into a handful of urban districts, where transportation
gridlock and overcrowding become the rule [1]. As Milano et al. [5] argue, managing spatial
imbalances is now among the central challenges of sustainable urban tourism governance.

Destination management organizations (DMOs) have traditionally relied on supply-
side interventions, such as infrastructure expansion, capacity limits, and pricing mecha-
nisms, to manage visitor flows [3,5]. A growing body of work argues that information-
based instruments can redirect visitor behavior at lower political and economic cost than
regulatory or pricing tools [3,6]. In today’s “twin transition” era, where environmental
sustainability and digital acceleration converge [7,8], social media shapes tourists’ spa-
tial decisions at an unprecedented scale [9,10]. If online conversations about particular
urban areas influence where tourists actually go, then understanding the underlying be-
havioral mechanism is a prerequisite for any information-based visitor flow management
strategy [11,12].

Three gaps remain in this fast-growing literature. First, most evidence is aggregate,
examining social media’s influence at the city or country level, and operational destination
management needs individual-level evidence that the literature does not yet supply [13].
Second, cross-sectional and correlational designs dominate, leaving the direction of causal-
ity unresolved: tourists may post about places they have already visited rather than visit
places they have seen discussed online [14,15]. Third, and most fundamentally, the interac-
tion between information effects and situational context is theoretically underdeveloped
and empirically untested in the literature. Festival periods, characterized by the disrup-
tion of familiar routines and alteration of decision heuristics, are hypothesized to be the
conditions under which information cascades exert the greatest influence. However, this
hypothesis has yet to be empirically tested using revealed preference data [10,16].

We address these gaps using two complementary data sources from the 2019 Songkran
Festival in Bangkok: 95,692 tourist taxi GPS trajectories that record spatial choices, and
5995 geotagged Twitter posts that proxy the information environment. A conditional logit
model examines how district-level social media “buzz” shapes individual destination
selection among competing alternatives. Causal ordering is established through an expo-
nentially weighted moving average (EWMA) buzz variable built on past-day activity only.
The 2019 setting is also methodologically advantageous. It captures a “peak overtourism”
window that serves as an unconfounded baseline of global mobility just before COVID-19.
As the post-pandemic sector rebounds to historical peaks [17,18], studying cascade-driven
information mechanisms under maximum-stress conditions yields robust and transferable
insights for contemporary sustainable destination management.

This study makes four contributions. Theoretically, it carries information cascade
theory [19] into spatial tourism, providing micro-level causal evidence that buzz raises
destination choice probability and that the effect is strongest when festival-driven uncer-
tainty is high. Empirically, it documents a spatial-scale duality in which cascades causally
pull tourists toward high-buzz districts even as aggregate Gini concentration declines over
the study window [3]. Methodologically, it introduces the Bartik shift-share instrumen-
tal variable strategy [20,21] to the tourism eWOM literature, along with Rotemberg and
Borusyak-Hull diagnostics, establishing causal identification beyond temporal ordering
and showing that measurement error in sparse social-media data substantially attenuates
conventional OLS estimates. For policy, the results provide an empirical foundation for
information-based visitor flow management, with the largest behavioral traction expected
in search-good categories and during festival-uncertainty windows [11,12].

The remainder of this paper is organized as follows: Section 2 reviews the theoretical
foundations. Section 3 describes the data and methodology. Section 4 presents the results.
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Section 5 discusses the implications for sustainable tourism management, and Section 6
concludes the paper.

2. Theoretical Background
2.1. Social Media and Electronic Word-of-Mouth in Tourist Spatial Behavior

Over the past decade, the influence of social media on tourist behavior has been the
subject of extensive scholarly investigation. Early work showed that user-generated content
(UGC) on platforms such as TripAdvisor, Twitter, and Instagram influences destination
image, trip planning, and post-visit evaluations [9,22]. Attention has since shifted from
whether social media affects tourism to how and through which mechanisms digital infor-
mation shapes spatial behavior on the ground [10,23]. Song and Wondirad [24] provided
empirical evidence that the use of social media contributes to the spatial concentration of
tourist flows within a single city. This study links online word-of-mouth to the phenomenon
of overtourism at the intra-destination level.

The electronic word-of-mouth (eWOM) literature provides the primary lens for these
processes. Filieri et al. [25] showed that online review credibility and volume jointly
influence accommodation choice, and Liu et al. [26] found that social media engagement
intensity predicts destination-selection probability. This study has two limitations constrain
this literature. Most research predominantly addresses binary outcomes or satisfaction
ratings rather than examining the specific locations tourists visit within a destination [15].
Among the limited studies that examine intra-destination mobility, there is a tendency
to rely on descriptive spatial analysis rather than structural behavioral models [27,28].
Self-reported survey data also dominate, leaving the field vulnerable to hypothetical bias
because revealed-preference evidence from GPS trajectories that capture actual spatial
choices remains scarce [13].

A parallel stream uses big data analytics to study tourist mobility patterns. Over more
than twenty-five years of tourist tracking research, GPS-based methods have matured from
exploratory mapping tools into rigorous behavioral instruments [29]. This study shows
that tourists exhibit systematic spatial preferences driven by distance, POI attractiveness,
and temporal constraints [29,30]. Geotagged social media data have been used to map
flows and identify popular areas [14]. Recent reviews catalogue the growing diversity
of tourist-mobility tracking technologies [31], yet integrating social media and GPS data
within a structural econometric framework that predicts individual spatial choice remains
a methodological gap that this study addresses.

2.2. Information Cascades and Herd Behavior Under Uncertainty

Information cascade theory, first formalized by Bikhchandani et al. [19] and Baner-
jee [16], posits that individuals facing uncertainty rationally infer information from the
actions of predecessors, sometimes overriding their own private signals. When the weight
of the observed behavior exceeds that of private information, a cascade forms, and subse-
quent individuals follow the crowd regardless of what they know. This mechanism has
been documented in financial markets, technology adoption, and consumer behavior [32].

In tourism, social media transforms cascades by making predecessors’ check-ins,
photos, and reviews visible at an unprecedented scale and speed [10,22]. However, this
visibility is not uniformly positive. Huang et al. [10] showed that social media exposure can
induce travel anxiety, so cascades carry both motivating and inhibiting potential depending
on content valence and viewer disposition. When a district generates substantial online
discussion, tourists may read this as a quality or safety signal and be drawn in even when
the district’s intrinsic attributes would not independently warrant attention. Yang et al. [23]
found that exposure to peers’ travel posts shifts individual venue selection toward the des-
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tinations featured in those posts, and the broader literature on platform-mediated visibility
suggests that online popularity metrics generate self-reinforcing concentration patterns in
urban settings [33]. Crucially, the classical cascade mechanism is quantity-driven rather
than valence-driven: a cascade forms when the cumulative weight of observed actions
exceeds private signals, regardless of whether those actions carry positive or negative
sentiment [16,19]. In the spatial-choice setting, a high tweet volume about a district signals
collective attention and activity presence, which tourists may interpret as a vibrancy or
safety-in-numbers cue, even when individual posts contain warnings about crowding. This
attention-as-signal mechanism is conceptually distinct from the content-specific persuasion
channel that sentiment analysis would capture.

Recent empirical work has confirmed the relevance of cascade theory in online tourism
consumption, documenting conforming behavior among consumers who follow observed
booking patterns, even when private quality signals suggest alternatives [34]. Cascade dy-
namics are expected to be the strongest in festival contexts. During events such as Songkran,
road closures, shifted business hours, and unpredictable crowd dynamics raise information
asymmetry [1,2], and under such conditions, the marginal value of external information
rises, while tourists shift from deliberative to heuristic decision-making, amplifying social
influence on spatial choices [16,32]. This prediction has not been tested using revealed
preference data from a real festival.

2.3. Information-Based Management for Sustainable Visitor Flows

Information-based management of tourist spatial behavior draws on three conceptu-
ally distinct mechanisms that the tourism literature often conflates: informational effects
(belief updating from observed signals [25]), social influence (behavior change from ob-
servation of others” actions [16,19]), and designed digital interventions (deliberate choice-
architecture manipulations [6,11,35]). This study documents the first two mechanisms
through organically generated buzz and does not evaluate a designed intervention.

Tussyadiah [12] positioned digital-platform-mediated interventions as a promising
strategy for sustainable tourism, arguing that technological platforms can encourage pro-
environmental behavior without the political costs of regulation. Recent operational work
has shown that platform-level information instruments shift tourist behavior, with envi-
ronmental labels on booking platforms [36], default options steering toward lower-carbon
transport [37], and new-media content guiding sustainable choice [38] all demonstrating
measurable effects. These instruments are designed interventions and are therefore distinct
from the organically generated cascade environment analyzed here. In the spatial dimen-
sion, recent studies have proposed that real-time information provision could redistribute
tourist flows within cities [39,40], but empirical evidence linking organic social media buzz
to individual-level spatial choices through an identified causal pathway remains scarce.

The overtourism literature provides sustainability motivation for information-based
spatial management. The spatial concentration of tourists generates negative externalities,
including environmental degradation, resident displacement, and infrastructure strain [4].
Several studies have measured spatial inequality using indices such as the Gini coefficient
and HHI applied to tourist distribution data [5]. More granular approaches have emerged,
including GPS-based intensity-density indices that capture overtourism severity at the
sub-district resolution [41] and spatiotemporal clustering algorithms that detect hotspots
from mobility data [40]. Effective overtourism management requires tools that can influ-
ence tourists” spatial decisions at the individual level [3,39]. Social media information
cascades represent these mechanisms. To date, no empirical study has demonstrated a
causal relationship between organically generated social media buzz and tourists” spatial
choices within a city, nor has any research evaluated whether such an influence facilitates or
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impedes sustainable spatial distributions. Critically, if information cascades are organically
concentrated in already-popular areas, as cascade theory predicts [19,33], then understand-
ing the causal buzz channel is a prerequisite for designing information-based governance
instruments. Any intervention that seeks to exploit or counteract the cascade mechanism
must first establish the magnitude, direction, and boundary conditions of the underlying
behavioral response.

2.4. Hypothesis Development

Drawing on the theoretical foundations reviewed above, we formulated four hypothe-
ses linking social media information cascades to spatial tourist choice and sustainabil-
ity outcomes.

The information cascade theory predicts that visible signals of collective behavior
increase the probability of conforming actions [19]. In the spatial choice context, district-
level social media buzz represents an observable signal of collective interests. Following
Yang et al. [23] and the broader evidence on social media-driven visitation [33], we expect
that higher buzz increases destination choice probability:

H1. Higher lagged social media buzz about a district increases the probability that tourists choose
destinations in that district.

Cascade theory further predicts that information dependence intensifies when private
information is noisy [16]. The festival periods represent exogenous uncertainty shocks,
and road closures, crowd dynamics, and modified schedules diminish tourists’ capacity
to depend on their prior knowledge [1]. Following this logic [16,34], we hypothesize
the following:

H2. The buzz effect on destination choice is stronger during the festival period than before or after.

The economics of information distinguishes between experience goods, whose qual-
ity can only be assessed through consumption, and search goods, whose quality can be
evaluated before purchase [42,43]. Paradoxically, while experiential goods have higher
intrinsic information asymmetry, their consumption often relies on established trust signals,
such as ratings and personal recommendations rather than aggregate buzz. In contrast,
search goods are more prone to visibility-driven herd effects, as the decision to visit is
primarily influenced by awareness rather than an assessment of quality [25]. We classify
NightClub /Bar alongside Shopping Mall as search goods because the district-level visit
decision—whether to go to Khaosan Road versus Thonglor—depends primarily on search-
able attributes such as location awareness, crowd presence, and brand visibility [42,43].
Although within-venue nightlife quality is experienced only upon consumption, the spatial
choice that our conditional logit captures operates at the pre-visit awareness stage of the
decision hierarchy, where aggregate buzz directly informs the visit-or-not decision.

H3. The buzz effect differs between experience goods (Spa, Restaurant) and search goods (Shopping,
Nightlife), with search goods exhibiting stronger buzz sensitivity.

The overtourism literature documents that popular districts generate disproportion-
ately more user-generated content, creating a positive feedback loop between visibility
and visitation [5,33]. If information cascades are naturally concentrated in areas already
experiencing congestion, then social media buzz may, in practice, exacerbate existing spatial
inequalities [3,4].
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Because reinforcement is a causal claim that cannot be identified from a single cross-
sectional correlation, we specify H4 as a claim about the causal visitation channel and
test it with a panel-level instrumental-variable strategy in Section 4.5, rather than as a
cross-sectional congestion correlation.

H4. Social-media buzz causally increases district-day tourist visitation and thereby reinforces the
spatial concentration of tourist flows toward high-buzz districts.

Figure 1 summarizes the causal architecture implied by H1-H4. The top row traces a
four-link chain from the social media information environment through the cascade-based
behavioral mechanism to tourists’ spatial choices and ultimately to sustainability outcomes.
The amber feedback loop at the bottom visualizes the self-reinforcing cascade whereby
visitation concentration generates additional user-generated content and amplifies the
cascade on subsequent days.

Conceptual Model: Cascade-Driven Spatial Choice and Its Sustainability Outcome

Four-link causal chain with a self-reinforcing cascade loop (the “waterfalls” dynamic)

panel 2SLS

Behavioral cond. logit
mechanism

Information
environment

Sustainability
outcome (H4)

buzz, eWOM
geotagged posts

cascade, herding destination selection concentration
(Bikhchandani 1992) conditional logit + Bartik IV panel 2SLS

[ self-reinforcing cascade loop (H4) }

Figure 1. Conceptual model. Top row: causal chain from the social-media information environment
through the cascade mechanism (following Bikhchandani et al. [19]) to spatial choice and the sustain-
ability outcome. H1-H3 test the environment-to-choice links; H4 tests the choice-to-outcome link.
The amber feedback loop visualizes cascade reinforcement.

3. Materials and Methods
3.1. Study Context of the Bangkok Songkran Festival

Songkran, the Thai New Year, is celebrated from April 11 to 17 annually and is
characterized by citywide water fights, street parties, and religious ceremonies. During the
2019 Songkran period, Bangkok experienced a 28% increase in tourist taxi trips relative
to the preceding week, creating significant spatial concentration challenges. Figure 2
displays the spatial distribution of social media buzz across Bangkok’s 48 administrative
districts, illustrating the pronounced concentration of online discussion in a small number
of central districts.

3.2. Data Sources

This study integrates three datasets covering the seven days before, during, and after
Songkran, 4-24 April 2019.

Tourist-identified taxi trips were obtained from a larger dataset of 715,897 segmented
taxi trajectories provided by the ITIC Foundation, from which 95,692 tourist trips were
extracted. Each trip record contains origin and destination coordinates (latitude and
longitude), timestamps, speed at endpoints, and semantic enrichment from the Google
Places API, including point-of-interest (POI) name, category across seven types, and Google
rating on a 1-5 scale. The dataset contained 6365 unique destination POls.

https://doi.org/10.3390/su18104952


https://doi.org/10.3390/su18104952

Sustainability 2026, 18, 4952

7 of 26

13.90 H @
Chatuchak
(buzz =14.2)
17.5
15.0

Ratchathewi L

(buzz = 4.7) o
Vadhana

@/ (buzz = 6.0) -

25

13.80 4

13.75 4

Latitude

Festival
core zone

Pathum Wan
(buzz = 18.4)

Average EWMA buzz intensity

Khlong Toei
(buzz = 3.4)
13.65 1

Circle size « Vbuzz
Coral rings: top-5 districts 5km WIRT,

13.60 : ‘ ; ; ‘ — ‘
100.40 100.45 100.50 100.55 100.60 100.65 100.70
Longitude

Figure 2. Spatial distribution of social media buzz intensity across 48 Bangkok administrative
districts. The circle size is proportional to the average EWMA buzz value. The five highest-buzz
districts (Pathum Wan, Chatuchak, Vadhana, Ratchathewi, and Khlong Toei) are labeled with their
average values. The approximate festival core zone near the Old City is indicated; notably, buzz
concentrates in modern commercial districts rather than the traditional festival area, consistent with
the search-good sensitivity documented in H3.

Social media activity was captured through 5995 anonymized, geotagged Twitter
posts collected over the same spatial and temporal coverage. Each record contained an
anonymized user ID, timestamp (converted from UTC to Bangkok local time, GMT+7), ad-
ministrative district, and activity type. Of these, 3216 records (53.6%) contain valid district
information, spanning 59 district names, of which 48 are valid Bangkok administrative
districts after cleaning. At the district-day resolution 73.5% of the 1008 cells record zero
tweets, and the platform’s demographic composition and external-validity implications are
discussed in Section 5.5.

Table 1 summarizes the key characteristics of each period. Tourist trip volume in-
creased by 28% from the pre-festival to the festival period (3850 to 4930 daily trips), while
social media buzz peaked during and immediately after Songkran, as visitors shared
their experiences online. The number of active districts remained constant at 48, indicat-
ing that the spatial footprint of tourism did not contract during the festival, even as the
volume surged.

Drawing on the full taxi fleet (334,312 cleaned trips), we computed a grid-level conges-
tion index for 14,641 spatial grid cells (~500 m x 500 m) at 2-h intervals as follows:
_ ot
pfree-flow

J

Cliy=1- 1)

where 7j; is the average taxi speed in grid cell j at time ¢, and U?ee'ﬂow

is the 90th percentile
speed during off-peak hours (22:00-06:00). The mean congestion index was 0.545 (median
0.562). Although this vehicle-speed-based metric does not directly capture pedestrian-level

crowding, in a dense urban environment such as Bangkok, where road congestion and
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foot traffic are strongly correlated owing to shared commercial corridors, limited sidewalk
capacity, and the prevalence of street-level commercial activity, taxi fleet speed serves as an
effective proxy for overall area-level activity intensity and physical congestion [13]. Note
that the proxy does not capture pedestrian crowding on walking streets such as Khaosan
Road during Songkran, where vehicle access is restricted. Mobile-phone-signal or on-site-
survey measurements would provide complementary pedestrian-scale coverage [41,44].

Table 1. Descriptive statistics by study period.

Daily Buzz
Period Dates Daily Trips (District-Summed Mean Gini Districts
EWMA)
Before  4-10 April 3850 14.1 0.541 48
During 11-17 April 4930 104.2 0.529 48
After 18-24 April 4890 136.6 0.517 48

Daily Trips and Daily Buzz are period averages. Daily Buzz reports Y4 | Buzz,, the sum of district-level EWMA
buzz across all 48 districts (A = 0.5, L = 3). Gini coefficient measures spatial concentration of tourist trips across
48 districts.

3.3. Social Media Buzz Variable Construction

To provide spatial variation across choice alternatives, we mapped each of the
6365 POlIs to its nearest Bangkok administrative district using Euclidean distance to district
centroids, which yielded 48 districts with at least one POI. The spatial imprecision of
nearest-centroid assignment for POIs close to administrative boundaries is assessed by the
buffer robustness reported in Table A1 (Panel A).

Raw daily tweet counts per district exhibit severe zero-inflation, with 73.5% of district-
day combinations recording zero tweets. To address this while maintaining the tempo-
ral lag structure required for causal identification, we construct the following EWMA
buzz variable:

t—1
Buzzg; = Y, e M= .ny,,  Le{1,2,3,5}, A €{03,05071.0}. )
s=t—L

where 1, ; is the tweet count in district d on day s, L is the lookback window, and A is the
decay rate. The summation bounds run from s = ¢ — L through s = t — 1, so the current-day
tweet volume is excluded from the regressor, and the temporal priority of information
relative to choice is enforced. The default specification uses L = 3 days and A = 0.5.
This construction ensures that only past social media activity informs the buzz variable,
ruling out reverse causality on the same day. The baseline calibration A = 0.5 corresponds
to a decay half-life of In2/0.5 ~ 1.4 days, which matches the empirical autocorrelation
length of district-level tweet volume in our window (lag-1 p ~ 0.5 decaying to noise by
lag-3) and is consistent with the 24-72 h engagement half-life documented for short-form
social-media content. Slower decays such as A = 0.3 overweight stale activity that is
unlikely to remain salient at the choice moment, while faster decays such as A = 1.0
collapse the window onto the previous day and discard the multi-day word-of-mouth
dynamics that the cascade mechanism is meant to capture. The 4 x 4 parameter grid in
Table 2 confirms that the substantive conclusions are invariant to this choice across all
32 configurations, with both the buzz main effect and the festival interaction remaining
significant at p < 0.001 throughout.
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Table 2. Sensitivity of buzz and festival interaction coefficients to EWMA parameters.

Lookback A=03 A =05 A =07 A=10
Panel A: Bpyz-

L =1day +0.0105 +0.0105 +0.0105 +0.0105
L =2days +0.0115 +0.0115 +0.0115 +0.0113
L =3days +0.0125 +0.0124 +0.0122 +0.0119
L =5 days +0.0133 +0.0131 +0.0127 +0.0122
Panel B: YDuring x Buzz

L =1day +0.0037 +0.0037 +0.0037 +0.0037
L =2days +0.0043 +0.0042 +0.0041 +0.0040
L =3 days +0.0046 +0.0043 +0.0042 +0.0040
L =5days +0.0075 +0.0059 +0.0050 +0.0043

All 32 coefficients are statistically significant at p < 0.001. Panel A reports the buzz main effect Bp,,,; Panel B
reports the festival interaction YpuringxBuzz-

3.4. Choice Set Construction

For each observed tourist trip, we constructed a discrete choice set comprising the
actually chosen destination POI alongside K = 20 unchosen alternative POIs sampled
from within a spatial buffer of the trip origin. The buffer radius of 11.2 km corresponds to
the 90th percentile of observed trip distances, ensuring that the consideration set reflects
realistic travel ranges. To guard against sampling bias, we adopted a stratified scheme
rather than simple random selection: two alternatives were drawn from the same POI
category as the chosen destination, two from the nearest-distance quintile, and the remain-
ing 16 at random. This procedure generated 2,009,450 choice records across 95,692 trips,
with each trip presenting the tourist with 21 competing alternatives. Consistent estima-
tion of conditional-logit parameters under sampled alternatives rests on McFadden [45],
who established the sampling-of-alternatives result under Independence of Irrelevant
Alternatives and a uniform conditioning rule. Train [46] shows in Chapter 3 that K in
the range from 10 to 30 yields parameter estimates indistinguishable from full-choice-set
estimation at a modest efficiency cost. Nerella and Bhat [47] reported analogous results
for spatial destination choice. Table A1 (Panel B) reports the main buzz coefficient across
ten configurations formed by crossing K € {10, 20,30} with distance-percentile thresholds
P € {75,85,90,95}, with the coefficient stable in the narrow band [+0.0097, +0.0109] at
p < 0.001 in every configuration.

3.5. Utility Specification

Under the random utility maximization (RUM) framework, tourist n derives utility
Upjt from choosing destination j at time t:

unjt = ant + Enjt 3)

where Vj; is the systematic utility and ¢,,; is an i.i.d. Type I Extreme Value error. The sys-
tematic utility is specified as
Vijt =P1 - TravelTimey,j; + p2 - Rating; 4 B3 - CompDensity;
+ Ba - AggloDensity; + Bs5 - Cljt + e - Buzzy(;) @
+ 71(During, x TravelTimey) 4 72 (During, x Rating;)

+ 73(During; x Buzzy) ;)

Table 3 summarizes all the variables.
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The model was estimated using the maximum likelihood method. To extend the
analysis, we also estimate a model with an experience goods interaction term (ExpGoods; x
Buzz(;) ;), where experience goods are defined as Spa and Restaurant categories.

Table 3. Variable definitions and descriptive statistics.

Variable Description Source Mean SD

TravelTime Estimated travel time (min) GPS 6.72 5.81
Rating Google rating (1-5) Google Places 3.33 1.21
CompDensity = Same-category POIs within 500 m Spatial analysis 4.50 5.89
AggloDensity  Different-category POIs within 500 m  Spatial analysis 11.40 11.73
Clj Congestion index (0-1) Full taxi fleet 0.55 0.27
Buzz, ;) s EWMA social media buzz Twitter 421 7.35
During, Festival period dummy (11-17 April) Calendar 0.36 —

3.6. Identification Strategy

Three features of our research design jointly address these endogeneity concerns.
The most fundamental is the temporal lag structure: because buzz is measured using tweets
from days t — 1 to t — 3 while destination choices occur on day ¢, same-day reverse causality
is ruled out by construction. This temporal separation is reinforced by spatial aggregation
asymmetry, whereby buzz is measured at the district level, while choices are observed at
the finer-grained POI level, reducing the mechanical correlation between the dependent
and independent variables. Finally, we implement a placebo test in which buzz values are
randomly permuted across districts, and the model is re-estimated 50 times. If the real
buzz coefficient falls outside the 95% confidence interval of this permutation distribution,
the observed effect can be attributed to genuine information influence rather than spatial
autocorrelation or unobserved confounders.

To address the residual concern that time-varying district-specific unobservables
may drive both social-media buzz and tourist visitation, we construct a Bartik shift-share
instrument [20,21]:

Zay=54-G 44 ®)

where s; is a district-level share and G_,; is the platform-wide aggregate tweet count on
day t excluding district d’s own tweets through a leave-one-out construction. We evaluate
three candidate share constructions: the All-POI-share (primary), which takes s; as each
district’s proportion of all POI categories; the Tweet-share, based on each district’s historical
share of total Twitter activity; and the Buzz-POI-share (original), based on the proportion of
Shopping Mall and NightClub/Bar POls. Because the conditional-logit model is non-linear,
we implement the IV through a control-function approach [48,49], first estimating

Buzz;, =a+6-Zgy+py;+eqy (6)

and inserting the residuals as an additional regressor in the second-stage conditional logit.
The Rotemberg-weight decomposition, the Borusyak-Hull shift-orthogonality test, and the
three-IV cross-validation are reported alongside the results in Section 4.4.

3.7. Sustainability Assessment

To assess whether social media buzz facilitates or hinders sustainable spatial distri-
bution, we computed two complementary concentration metrics. The Gini coefficient,
applied to daily tourist trip counts across districts, captures the degree of spatial inequal-
ity in the tourist distribution. The Herfindahl-Hirschman Index (HHI), computed from
district-level trip shares, provides an alternative measure of market-style concentration.
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Together, these indices track whether the spatial distribution of tourists becomes more or
less equitable over the study period. We further examine the cross-sectional correlation
between district-level buzz intensity and congestion to determine whether information cas-
cades reinforce or alleviate existing spatial imbalances. To test whether the observed Gini
trajectory represents a statistically meaningful change rather than a day-to-day fluctuation,
we apply parametric and non-parametric trend tests together with period-level ANOVA,
Kruskal-Wallis, and bootstrap-based mean-difference tests to the 21-day district-level Gini
series; full results are reported in Table A4 (Panel A).

4. Results
4.1. Main Model Results

The conditional logit model confirms that social media buzz exerts a significant and
substantive effect on tourists’ spatial choices (Table 4).

Table 4. Conditional logit results: Main model and extended model with experience goods interaction.

Variable Main Model Extended Model (H3)
Estimate z-Stat Estimate z-Stat
TravelTime —0.048 *** —150 —0.048 *** —236
Rating —0.069 *** —27.8 —0.068 *** —34.5
CompDensity —0.107 *** —116 —0.107 *** —133
AggloDensity +0.035 *** +140 +0.034 *** +161
Congestion +1.275 *** +53.6 +1.274 *** +54.6
Buzz +0.010 *** +18.2 +0.007 *** +15.1
During x TravelTime +0.022 *** +53.1 +0.022 *** +83.8
During x Rating +0.018 *** +4.30 +0.017 *** +5.16
During x Buzz +0.003 ** +2.97 +0.004 *** +4.94
ExpGoods x Buzz — — —0.003 *** —4.90
Log-likelihood —258,807 —258,974
McFadden p? 0.1116 0.1111
Parameters 9 10

N =95,692 trips; 2,009,450 choice records. *** p < 0.001, ** p < 0.01. Standard errors computed via numerical
Hessian.

Base utility parameters carry the expected signs: tourists favor proximate destinations
with diverse POI clusters and avoid areas of intense same-category competition (see Figure 3
for the complete coefficient profile). Two coefficients merit brief comment.

The negative pooled Rating coefficient reflects category-specific heterogeneity rather
than misspecification. POI-category fixed effects reverse the sign to positive (Table A3,
Panel A), and subsample regressions (Table A3, Panel B) show that Restaurant and Shop-
ping Mall visitors prefer higher-rated venues, while Spa and NightClub/Bar visitors prefer
lower-rated venues, a pattern consistent with authenticity-seeking in categories where
high ratings may signal touristic over-commercialization. Because Spa and NightClub/Bar
trips dominate the sample, the pooled coefficient inherits their negative sign. The positive
Congestion coefficient similarly proxies area-level vibrancy and is essentially unaffected by
the addition of category fixed effects.

The central finding is that district-level social media buzz significantly increases
destination choice probability (f = 40.010, p < 0.001), supporting H1. A district at Pathum
Wan’s buzz intensity enjoys roughly 20% higher odds of being chosen than a district with
negligible social media presence, an advantage equivalent to approximately four minutes
of travel-time reduction. Social media buzz, in effect, makes a district feel closer than it
actually is.
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Consistent with H2, the festival intensified this cascade. The marginal buzz effect rises
by roughly 27% during Songkran, elevating the Pathum Wan odds advantage accordingly
(Figure 3). The concurrent reduction in travel time sensitivity reinforces this interpretation:
when private signals become noisier through road closures, crowd dynamics, and altered
schedules, tourists become simultaneously more responsive to digital signals and more
willing to venture beyond their immediate vicinity.

Base attributes
YExpxBuzz | @ -0.0477***
YDxBuzz | —@=— -0.0691***
Bguzz 1 @ =0.1072%
YDxRating | @ +0.0345***
Period interactions
YoxTT @ +0.0220**
Bagglo —— +0.0178"*
Social media effects
Bcomp @ +0.0066**
Brating @ +0.0036**
1 ~0.0030***
Brr Note: Be; = +1.274*** omitted (different scale) °
T T T T T T T
-0.10 -0.08 -0.06 -0.04 -0.02 0.00 0.02 0.04

Coefficient estimate (95% CI)

Figure 3. Forest plot of conditional logit coefficient estimates with 95% confidence intervals (extended
model with experience goods interaction). The congestion index coefficient (Bc; = +1.274 ***)
is omitted because of the different scale. All displayed coefficients are significant at p < 0.001
(denoted ***).

In contrast, not all destination types are equally susceptible to cascade dynamics (H3).
Experience goods, such as spas and restaurants, are significantly less responsive to district-
level buzz than search goods, such as shopping malls and nightlife venues. This asymmetry
maps directly onto the classical search-versus-experience distinction in the economics
of information [42,43]: search-good quality can be evaluated from publicly observable
attributes prior to consumption, so visibility-driven cascades dominate the awareness
problem that drives the choice; experience-good quality can only be assessed through
consumption, so private trust signals such as personal recommendations and within-
platform ratings outweigh aggregate buzz [25]. The monotone gradient observed in the
four-category specification of Table A3 (Panel B), running from pure-search Shopping Mall
(BBuzz = +0.0210) and NightClub/Bar (+0.0199) through experience-leaning Spa (+0.0073)
to pure-experience Restaurant (4-0.0040), traces this Nelson—Klein continuum precisely
and converts what would otherwise be a post hoc empirical pattern into a theoretically
anchored prediction of differential cascade sensitivity.

4.2. Placebo Test

Spatial confounding was ruled out by a permutation placebo in which district-level
buzz values were randomly reassigned, and the model was re-estimated 50 times. The real
buzz coefficient exceeds the placebo upper bound by roughly an order of magnitude, with a
permutation p-value well below conventional thresholds (Figure 4; Table 5), confirming
that the observed buzz—choice relationship reflects genuine information influence rather
than unobserved district-level confounders.
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95% CI of placebo

Real effect
B =+0.0097
2
)
c
[0
[a)]
Real effect is
11X the placebo
upper bound

-0.002 0.000 0.002 0.004 0006 0.008 0.010 0012 0.014
Buzz coefficient (Bguzz)

Figure 4. Placebo test results. The real buzz coefficient (+0.010, vertical line) falls far outside the 95%
confidence interval of the placebo distribution. The real effect is approximately 11 larger than the
placebo upper bound, confirming that the buzz—choice relationship is genuine.

Table 5. Placebo test summary statistics.

Statistic Value

Real Bpuzz +0.0097
Placebo mean (50 permutations) +0.0001
Placebo SD 0.0005
Placebo 95% CI [—0.0010, +0.0009]
Real/Placebo upper bound ~11x
Permutation p-value < 0.02

Placebo coefficients obtained by randomly permuting district-level buzz values across districts 50 times and
re-estimating the conditional logit model. The permutation p-value is computed as the proportion of placebo

coefficients exceeding the real coefficient.

4.3. Sensitivity Analysis

The findings survived three sensitivity tests. Re-estimating the model across a
4 x 4 grid of the EWMA lookback windows and decay rates yields uniformly positive and
significant coefficients for both the main buzz effect and the festival interaction (Table 2).
A clear gradient emerges along which longer lookback windows and slower decay rates
systematically strengthen both effects (Figure 5). For destination managers, this gradient
implies that sustained content campaigns will outperform isolated promotional campaigns.

The main buzz coefficient is similarly robust to the choice-set construction rule. Across
ten alternative configurations formed by crossing the number of non-chosen alternatives
K € {10,20,30} with the travel distance percentile threshold P € {75,85,90,95}, the es-
timate remains in a narrow band with no loss of significance (Table A1, Panel B). Our
baseline K = 20 choice rests on the sampled-alternatives consistency result of McFad-
den [45], the operational guidance in Train [46], and the spatial-destination-choice analog
reported by Nerella and Bhat [47].

We finally probe the spatial imprecision of nearest-centroid district assignment by
progressively dropping POIs whose second-nearest centroid lies within a 0.5-, 1-, or 2 km
buffer of the nearest centroid district. The buzz coefficient is stable under the 0.5- and 1-km
filters and only weakens under the aggressive 2-km filter, which retains roughly one-fifth
of the sample (Table A1, Panel A). The slightly larger coefficients under the moderate filters
are consistent with a mild measurement-attenuation bias in the baseline when boundary-
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ambiguous POls are included, which reinforces rather than undermines the main finding.

(a) Beuzz (b) Yburing x Buzz
0.0138 ONTE
L=1 0.0105 0.0105 0.0105 0.0105 O 21 ] 0.0037 0.0037 0.0037 0.0037 0.0075
0130
2
o 0.0125
2 =2 - 0.0043 0.0042 0.0041 0.0040
= 0.0120
x
[$}
g 0.0115
% 0.0125 0.0124 0.0122 0.0119 L=3 - 0.0046 0.0043 0.0042 0.0040
3 0.0110 0.004
0.0105 0.0040
0.0133 0.0131 0.0127 0.0122 NUNEE 00075 0.0059 0.0043 00035
0.3 0.5 0.7 1.0 03 0.5 0.7 1.0
Decay rate (A) Decay rate (A)

Figure 5. Sensitivity of EWMA parameter choices. (a) Buzz main effect (Bp;,) across 16 lookback x
decay rate configurations. (b) Festival interaction ("Ypuring xBuzz)- All 32 coefficients are significant at
p < 0.001. Darker cells indicate larger coefficients.

4.4. Bartik Shift-Share Instrumental Variable Estimation

Applying the Bartik shift-share IV strategy specified in Section 3.6, we first assess
the identifying assumption through Rotemberg, cross-IV, and Borusyak-Hull diagnostics
(Table A2). The All-POI-share produces the most diffuse Rotemberg-weight distribution,
with the top weight falling on an outer commercial-residential district that is not a high-buzz
destination, whereas the Tweet-share and Buzz-POI-share each concentrate identification on
a single high-buzz district. Therefore, we adopt All-POI-share as the primary specification.
The three IVs yield coefficients within a band of under 5%, mitigating the concern that
any single share construction drives the result. The Borusyak-Hull test returns a positive
residual-shift correlation that we attribute to the Songkran common shock; identification
therefore rests on the combined strength of the temporal lag, the placebo permutation,
three-IV convergence, and diffuse Rotemberg weights rather than on any single diagnostic.

We then estimate the Bartik IV separately for each of the three study periods rather
than using a single pooled interaction model, so that heterogeneous instrument relevance
across periods is accommodated directly and H2 can be tested as a causal cross-period
comparison (Table 6).

The instrument achieves strong first-stage relevance during and after the festival but
fails in the pre-festival window, where near-zero Twitter activity deprives it of temporal
leverage [50]. Therefore, the period before the study was excluded from the IV inference as
a conservative choice reflecting data sparsity rather than selective reporting.

Two substantive findings were obtained. First, the IV-corrected festival coefficient
exceeds the OLS estimate by 51%, a pattern diagnostic of classical measurement-error
attenuation: sparse, noisy Twitter data bias the OLS coefficient toward zero, and once the
control function purges this attenuation the true causal effect emerges as substantially
stronger. In practical terms, a district at Pathum Wan’s buzz level now commands 42%
higher odds of being chosen compared with 20% under OLS. Second, the During coefficient
exceeds the After coefficient by 61% (Wald z = 6.05, p < 0.001), confirming the festival-
amplification hypothesis (H2) in its causal form. This cross-period amplification exceeds
the 27% implied by the pooled interaction model, indicating that pooling across periods
with heterogeneous instrument strength understates the true festival-driven intensification.

Taken together, the three identification strategies converge: the temporal lag rules out
same-day reverse causality, the placebo test rules out spatial confounding, and the Bartik
IV rules out time-varying district-level unobservables. This triangulation provides robust
causal evidence that the intensity of social media discussions drives tourists” spatial choices.
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Table 6. Split-period Bartik IV estimation results.

First Stage OLS (No IV) Control Function
Period F-Stat R? BBuzz p N p
Before (4-10 April) 0.08 0.413 40.068 *** <0.001 excluded (weak instrument)
During (11-17 April) 90.59 *** 0.568 +0.012 *** <0.001 +0.019 *** <0.001
After (18-24 April) 9.64 ** 0.844 -+0.010 *** <0.001 +0.012 *** <0.001
Wald test: B ing — BAfter +0.007 <0.001
Amplification ratio: During/ After 1.61x

Niefore = 26,948; Npuring = 34,513; Nager = 34,231 trips. First-stage F-statistics test the null that the Bartik
instrument is irrelevant; the conventional threshold for instrument strength is F > 10. The Before period is
excluded from IV inference because F = 0.08 indicates a weak instrument, attributable to the near absence of
Twitter activity prior to the festival. Control function residual coefficients are significant at p < 0.001 in both the
During and After periods, confirming the presence of endogeneity in the original buzz variable. *** p < 0.001,
**p <0.01.

4.5. Hotspot Reinforcement and Spatial Sustainability (H4)

We test H4 at two levels of aggregation. Across districts, buzz and congestion were
positively correlated (r = +0.38, p = 0.011); however, this correlation alone conflates
within-district buzz dynamics with pre-existing differences in district attractiveness. There-
fore, we estimate two panel-level IV specifications using the All-POI-share Bartik IV with
district and date fixed effects. Regressing district-day congestion on buzz yields a null
causal coefficient, indicating that the district-level correlation is driven principally by these
attractiveness differences rather than a direct within-district channel. In contrast, regress-
ing district-day tourist visitation on buzz yields a positive and significant causal effect of
approximately 4.7 extra trips per unit of buzz (Table A4, Panel B). H4 is therefore supported
in causal form through the tourist-flow channel, and the null vehicular-congestion effect
reflects the modest share of tourist trips in total roadway traffic rather than the absence of
the cascade mechanism.

All five top-buzz districts exhibit above-average congestion, and the pattern persists
through the top ten (Table 7). Notably, the two districts that bookend the buzz distri-
bution are both dominated by search-good POIs, consistent with the finding that search
goods exhibit stronger buzz sensitivity (H3). The convergence of high buzz, high con-
gestion, and search-good dominance suggests that information cascades channel tourists
disproportionately toward already strained entertainment and shopping corridors [5,33].

At the aggregate city level, spatial concentration declines monotonically over the
study period (Table 8): the Top 3 district share falls from 27.6% to 25.8%, redistributing
roughly 1800 daily trips toward peripheral areas. Five complementary tests (Table A4,
Panel A) confirm the decline is statistically significant, with parametric and non-parametric
trend tests as well as the three-period ANOVA, Kruskal-Wallis, and a bootstrap-based
Before-versus-After difference all rejecting the null. The weaker daily buzz-Gini correlation
(r = —0.34) addresses a narrower day-to-day question whose null should be scoped to that
specific claim rather than read as contradicting the monotone trend.

Table 7. Top 10 districts by social media buzz intensity.

Rank District AvgBuzz AvgCI  Dominant Category Search %
1 Pathum Wan 18.39 0.656 NightClub/Bar 67
2 Chatuchak 14.22 0.617 Restaurant 38
3 Vadhana 5.95 0.635 Restaurant 45
4 Ratchathewi 4.65 0.655 Restaurant 35
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Table 7. Cont.
Rank District AvgBuzz AvgCl Dominant Category Search %
5 Khlong Toei 3.36 0.631 Restaurant 31
6 Don Mueang 3.24 0.653 Restaurant 30
7 Din Daeng 3.04 0.653 Restaurant 39
8 Lat Phrao 3.02 0.619 Restaurant 39
9 Taling Chan 2.14 0.608 Restaurant 28
10 Phra Nakhon 1.89 0.631 NightClub/Bar 40

Avg Buzz: mean EWMA buzz intensity (A = 0.5, L = 3). Avg CI: mean congestion index. Search %: share
of trips to search for good POIs (Shopping Mall + NightClub/Bar). Pathum Wan and Phra Nakhon are the
only NightClub/Bar-dominant districts, consistent with the H3 finding that search goods exhibit stronger buzz
sensitivity. Pearson » = +0.38, p = 0.011 (N = 43 districts).

Figure 6 synthesizes the sustainability evidence across the four panels.
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Figure 6. Sustainability assessment dashboard. (a) Daily Gini coefficient of tourist spatial concen-
tration, with the Songkran festival period shaded coral; the dashed grey line shows the linear trend
of daily Gini values. (b) Herfindahl-Hirschman Index by period; the curved arrow indicates the
period-over-period decline in HHI (—8.9%). (c) District-level scatter of average buzz versus average
congestion index, with the top districts labeled; the dashed red line is the OLS fit and * denotes
p < 0.05 for the Pearson correlation coefficient (r = +0.37). (d) IV-corrected causal buzz effect
from the split-period Bartik estimation; the Before period is excluded for weak-instrument reasons;
the vertical arrow indicates the +61% change in the IV-corrected causal buzz effect between the
During-Songkran and After periods. Error bars represent 95% Cls.

Table 8. Spatial concentration of tourist trips by period.

Period Gini HHI Top-3 Share  Active Districts
Before (4-10 April) 0.541 0.048 27.6% 48
During (11-17 April) 0.529 0.046 26.6% 48
After (18-24 April) 0.517 0.044 25.8% 48

https://doi.org/10.3390/su18104952


https://doi.org/10.3390/su18104952

Sustainability 2026, 18, 4952

17 of 26

5. Discussion
5.1. Social Media as a Double-Edged Sword for Sustainable Tourism

Our findings reveal a paradox at the heart of the relationship between digital informa-
tion and sustainable tourist mobility. At the district level, unmanaged cascades reinforce
existing spatial hotspots, consistent with the self-reinforcing dynamics predicted by cascade
theory [19,33]. At the city level, however, aggregate spatial concentration declines signifi-
cantly over the study window. The two trends together suggest that information cascades
neither uniformly concentrate nor uniformly disperse tourists; they operate through two
countervailing channels whose outcomes differ by spatial scale. This scale-dependent
ambiguity is what makes proactive governance of the digital information environment
essential because, in its absence, the hotspot-reinforcing channel is likely to prevail.

The sustainability consequences of this tension extend across all three pillars of sus-
tainable development.

Environmentally, the highest-buzz districts are also the most traffic-congested, with av-
erage vehicle speeds falling well below the free-flow levels. Because fuel consumption
and CO; emissions per vehicle-kilometer rise non-linearly with congestion severity [51],
channeling a disproportionate share of tourist trips into a handful of corridors generates
outsized transport emissions relative to those produced by a more dispersed pattern. Be-
yond motorized transport, concentrated foot traffic in peak districts accelerates wear on
public spaces, strains waste collection, and raises ambient noise in mixed-use neighbor-
hoods. Steering tourists into areas where marginal environmental damage per additional
visitor is the highest runs counter to the SDG 12 aspiration that information systems should
support sustainable consumption.

Socially, reinforcing tourist flows in mixed-use historic districts has direct conse-
quences for residents” well-being. In Bangkok’s Old City, where major heritage sites sit
alongside dense residential communities, heightened congestion reflects the daily friction
between visitor activity and the routines of residents who share the same narrow streets
and limited transit infrastructure. Nightlife-dominated commercial districts also impose
late-night noise, waste, and safety externalities on adjacent residential areas. Where cas-
cades intensify tourist concentration in these contested zones, they amplify overtourism
pressures that erode urban livability [44] and work against the SDG 11 goal of reducing
cities” adverse environmental impacts.

Spatial concentration refers to revenue concentration. When a small set of districts
captures a disproportionate share of tourist trips, peripheral communities receive almost
no expenditure and are effectively excluded from the festival’s economy. The post-festival
shift toward a more dispersed distribution therefore represents a meaningful reallocation
of tourism revenue, allowing peripheral districts to develop their own tourism economies
rather than serving as bedrooms for a centrally located festival. The strategic governance
of the digital information environment can accelerate this redistribution by increasing the
visibility of under-visited areas.

Two interpretive caveats deserve explicit treatment in this discussion rather than
relegation to the methodological footnotes, because they bear directly on how readers
should calibrate the causal claim. The first concerns the distinctive traffic-management
context of the Songkran festival. The festival is accompanied by extensive city-managed
restrictions, including official road closures around Sanam Luang and the Grand Palace,
pedestrian-only zones along Khaosan Road, and rerouting of public transport, all of which
depress taxi-derived vehicle speeds independently of any social-media-driven behavioral
pull. Three features of our identification strategy disentangle these management-induced
effects from the cascade-driven attraction that the model is designed to measure. The panel
25LS specification with district and date fixed effects (Table A4, Panel B) absorbs city-wide
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festival-day shocks that act on all districts simultaneously, including any aggregate com-
ponent of management-induced traffic congestion. The IV-identified visitation effect of
+4.67 extra trips per unit of buzz operates on tourist flow rather than on vehicle speed,
and within-district within-day buzz movements do not produce a detectable causal effect
on the congestion proxy itself (3" = —0.0025, p = 0.155); therefore, the cross-sectional
buzz-congestion correlation that originally motivated H4 is best read as the joint footprint
of cascade-driven visitation and structural cross-district attractiveness rather than as ev-
idence that buzz mechanically slows traffic. Because management-induced restrictions
are concentrated in a small set of historic district corridors and applied uniformly during
festival hours, their footprint is captured by the date and district fixed effects rather than
by within-district variation in social media buzz. Future work that combines taxi GPS with
pedestrian-flow sensors or BTS tap-in/tap-out data would allow a cleaner decomposition
of vehicular versus pedestrian congestion sources.

The second caveat concerns whether the IV-identified causal effect is artifactually
driven by super-hotspots such as Pathum Wan, whose buzz volume is roughly four times
the city average. The Rotemberg-weight diagnostics in Table A2 directly address this issue.
Under the primary All-POI-share instrument, the largest district weight is 0.317 for Bang
Na, an outer commercial-residential district that does not appear among the ten highest-
buzz destinations, and the effective number of identifying districts is 7.4. The Tweet-share
variant, which by construction loads heavily on Pathum Wan (top weight 0.661), still yields
an IV coefficient of 4-0.0215, which is statistically indistinguishable from the All-POI-share
estimate of +0.0226 and from the Buzz-POI-share estimate of +0.0218. The convergence
across instruments built on structurally different identifying districts indicates that the
causal buzz effect is shared across quieter and busier districts rather than concentrated on
any single high-buzz corridor. This consistency is what allows us to interpret the cascade
as a city-wide behavioral mechanism rather than as the empirical signature of one famous
shopping district.

However, the robustness of the cascade mechanism also makes strategic interventions
viable. The IV-corrected estimate shows that the true behavioral response to social media
is substantially stronger than conventional estimates suggest, which implies that DMO
content interventions can generate meaningful spatial redistribution. Because this causal
effect is strongest in festival windows, such interventions would deliver the largest gains
precisely when overtourism pressure is most severe.

5.2. Implications for Information-Based Destination Management

This is an observational study, not an evaluation of a designed intervention such
as a digital nudge [6]; what it identifies is the causal behavioral substrate on which any
information-based visitor flow management strategy must rest. The implications below
should therefore be read as calibrating guidance for DMOs weighing information-based
content strategies rather than as validation of a specific intervention class.

Festival amplification of the cascade effect aligns sustainability needs with interven-
tion leverage in a manner that is both theoretically informative and practically exploitable.
Tourist volumes surge during festivals, intensifying congestion, waste generation, and res-
ident disruption [52], yet our results show that social media responsiveness also peaks
under these conditions. Information-based content programs need not operate year-round,
then, because concentrated efforts during predictable high-stress windows can deliver
disproportionate gains in spatial equity. The concurrent drop in travel-time sensitivity
during festivals reinforces this point: tourists become more receptive to digital signals and
more willing to venture beyond their immediate vicinity, opening a behavioral window in
which redistribution toward peripheral areas meets the least resistance.
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The category moderation finding adds a second dimension to the intervention design.
Search-good destinations are substantially more buzz-sensitive than experience-good des-
tinations, so content strategies aimed at under-visited shopping or nightlife districts will
generate the largest redistribution response, while redirecting spa or restaurant traffic calls
for different instruments such as curated recommendation lists or influencer partnerships.
The within-category Rating heterogeneity documented in Section 4.1 further qualifies this
guidance: in experience-good categories where high ratings may signal touristic over-
commercialization rather than quality, official rating-boosting strategies risk backfiring.
This type of differentiation avoids the inefficiency of uniform campaigns and concentrates
marketing resources where the sustainability return is highest.

5.3. Theoretical Contributions

This study advances the theoretical literature in four ways. First, it carries information
cascade theory [19] beyond its traditional domains in financial markets and technology
adoption into the spatial tourism setting, showing that cascade dynamics, once confined
to sequential decision contexts with binary outcomes, also operate in continuous spatial
choice settings, where tourists select among geographically distributed alternatives.

Second, it enriches the eWOM literature [15,25] by establishing that area-level social
media intensity, not merely establishment-level reviews, shapes spatial destination choices.
Shifting the unit of analysis from the individual firm to the urban district opens a new
line of spatially informed eWOM research that treats the information environment as a
geographic field rather than a collection of discrete product evaluations.

Third, the study identifies two empirical boundary conditions for information-based
visitor flow management. Situational uncertainty in the form of festival windows amplifies
the causal buzz effect. Category heterogeneity drives search goods to respond more strongly
than experience goods, with Spa and NightClub/Bar visitors within the experience-good
set preferring lower-rated venues. Both boundary conditions have long been proposed
conceptually but not empirically established.

Fourth, Bartik shift-share IV estimation [20,21] pushes the causal evidence beyond
what temporal ordering and placebo tests can deliver. That the IV-corrected effect substan-
tially exceeds the conventional estimate shows that measurement error in sparse social
media data systematically attenuates observed effects, a methodological insight with broad
implications for the eWOM literature, where social media variables are routinely measured
with noise. A triple diagnostic combining Rotemberg-weight decomposition, the Borusyak-
Hull test, and panel 2SLS gives future tourism eWOM studies a workable template for
credible causal identification.

Beyond these discipline-specific contributions, the study speaks to the broader “twin
transition” discourse in sustainable tourism [7,8]. The prevailing thesis is that digitalization
and environmental sustainability advance in tandem [53], yet the empirical literature has
largely treated them as complementary, while paying limited attention to the tensions
between them. Our findings complicate this optimistic reading because the same digital
platforms that enable scalable information-based visitor management simultaneously gen-
erate organic cascades that reinforce unsustainable spatial concentration. In other words,
digitalization is not inherently sustainability-enhancing; its net contribution depends
on whether the digital information environment is actively governed or left to amplify
market-driven concentration. This conditional view provides a more nuanced theoretical
foundation for twin transitions than the standard assumption of mutual reinforcement in
the literature.
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5.4. Practical Implications for Sustainable Tourism Management

For DMOs and urban planners, our findings suggest a three-stage adaptive manage-
ment cycle aligned with the twin transition agenda [7,8] that includes: The first stage,
monitoring, tracks real-time social media buzz by district to flag emerging hotspots before
physical overcrowding materializes, enabling pre-emptive rather than reactive manage-
ment, as follows: The second stage, information-based content governance, proactively
generates engaging digital content for under-visited districts with carrying capacity. Be-
cause search-good categories are the most buzz-sensitive, campaigns should prioritize these
destination types through influencer partnerships and curated local experience features.
The third stage, evaluation, closes the loop by using GPS trajectory data to test whether
newly governed content actually shifts tourist flows, providing an evidence-based feedback
mechanism for the first stage.

Taken as a whole, this monitor—govern-evaluate cycle turns social media from a pas-
sive information channel into an active governance instrument for spatial sustainability. It
operates through information-environment management rather than through individually
targeted choice-architecture manipulation [11,12], and whether a specifically designed
nudge embedded within this cycle can further improve outcomes is a question for future
research. Any such strategy must also attend to the ethical dimension: redirecting tourists
toward peripheral areas that lack adequate infrastructure risks displacing overtourism
burdens rather than resolving them, and raises questions about the transparency and
accountability of content interventions in public information environments [3].

5.5. Limitations and Future Research

This study had several limitations.

Three caveats deserve to be flagged. In terms of measurement, Twitter is only one
platform and is much smaller in Thailand than Facebook or LINE [54], with a user base
that skews urban, young, and bilingual. Visually oriented platforms such as Instagram
and TikTok and messaging services such as LINE and WeChat may generate cascades of
different intensities and content compositions; therefore, our estimates should be read as a
conservative benchmark for the sub-population that Twitter actually reaches. Moreover,
the 2019 data capture a pre-pandemic platform landscape in which Twitter occupied a
different competitive position; the subsequent rise of algorithmically curated, video-first
platforms such as TikTok may generate cascades of different temporal velocities and content
modalities, making our text- and timestamp-based estimates a conservative baseline for
the visual-platform era. Twitter sparsity and partial geocoding further qualify the buzz
variable, but the EWMA smoothing, district and date fixed effects, and the IV-to-OLS
coefficient gap [49] together accommodate this profile.

On the dependent side, the GPS sample is taxi-borne. It over-represents international
and upper-middle-class tourists, longer cross-district trips, and evening movement, while
under-representing backpackers, public transport commuters, and walking-only tourists.
The congestion proxy also captures vehicular rather than pedestrian crowding. Integrating
taxi GPS with BTS tap-in/tap-out data, mobile-phone trajectories, or on-site pedestrian
surveys would broaden both the sampling frame and the congestion measurement in
future work.

On identification, the Bartik instrument is weak in the pre-festival period and we
therefore confine IV inference to the During and After windows. The Borusyak-Hull
shift-orthogonality test [21] returns a positive correlation that we attribute to the common-
shock structure of Songkran; thus, the causal argument rests on the joint strength of
the temporal lag, placebo permutation, three-IV convergence, and diffuse Rotemberg
weights rather than on any single diagnostic. Because buzz is measured at the district
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level rather than the individual level, individual-level causal claims would require an
exposure-representativeness assumption that our data do not directly test.

Future work could profitably integrate multiple social media platforms, run experi-
mental designs that manipulate buzz intensity in controlled settings, and follow DMO social
media interventions longitudinally to test whether they produce sustained changes in the
spatial patterns of tourists. Adding sentiment analysis would also enrich our understanding
of how the valence of online discussion differentially shapes spatial choices. Because our
buzz variable captures volume rather than valence, we cannot decompose the cascade into
attraction-driven and warning-driven components; future work incorporating sentiment
classification could test whether negative buzz (e.g., crowding complaints) attenuates or,
paradoxically, amplifies the cascade through a curiosity or fear-of-missing-out channel.

6. Conclusions

This study set out to assess whether and under what conditions the digital information
environment causally redirects tourists across a city, with the urban festival treated as the
empirical setting in which information asymmetry, decision heuristics, and crowd dynamics
intersect at heightened intensity. Prior tourism electronic word-of-mouth research had
operated almost exclusively at aggregate or correlational resolutions, leaving the individual-
level causal pathway and its festival-specific moderation as questions of first-order policy
relevance that revealed-preference evidence had not yet addressed.

Drawing on revealed-preference movement traces and geo-located online discussion
from the 2019 Bangkok Songkran Festival, the analysis provides evidence that area-level
social-media intensity is a causal driver of where tourists actually go, that this influence
intensifies under festival-period information asymmetry, and that its potency is conditional
on the type of choice. Visibility-driven categories, such as shopping and nightlife, respond
strongly to ambient digital chatter, whereas experience-driven categories, such as restau-
rants and spas, remain anchored to private trust signals that aggregate buzz cannot displace.
Once classical measurement error in sparse social-media data is corrected, the magnitude
of the cascade proves substantially larger than what conventional correlational bench-
marks have reported, suggesting that tourism electronic word-of-mouth evidence has been
understating rather than overstating the underlying behavioral response.

Theoretically and methodologically, the contribution is fourfold. The classical cascade
tradition is extended from sequential discrete-choice settings into continuous urban spatial
choice, showing that herd dynamics operate not only in buy-versus-not-buy decisions
but also in where-to-go decisions across geographical alternatives. The focus of electronic
word-of-mouth analysis has transitioned from individual venues to urban districts, thereby
reconceptualizing the digital information environment as a geographic field rather than as
a mere collection of product evaluations. Festival-period information asymmetry and the
search-versus-experience distinction, both of which have long been proposed conceptually
but never directly tested at this resolution, are established as two empirical boundary
conditions under which information cascades materialize most strongly. The Bartik shift-
share design, supported by Rotemberg-weight decomposition and the Borusyak-Hull
shift-orthogonality diagnostic, is introduced as a workable template for credible causal
identification in tourism electronic word-of-mouth research; this methodological contribu-
tion complements the substantive findings and can be adopted by future studies in the area
without depending on the specific empirical setting analyzed here. Taken together, these
four contributions complicate the prevailing twin-transition optimism that digitalization
and sustainability advance in tandem, because the same platforms credited with enabling
scalable visitor-flow management simultaneously generate organic cascades that reinforce
existing spatial concentration; the net contribution to sustainability depends in part on
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whether the information environment is actively governed rather than left to amplify
market-driven concentration.

For destination management organizations, the findings provide a calibrating set of
operational guidance points rather than a turnkey prescription. First, real-time district-level
monitoring of online discussion intensity offers a practical early warning instrument for
emergent overtourism because behavioral concentration becomes detectable in the digital
record before it materializes in the physical record. Second, content-governance interven-
tions should be category-stratified rather than uniform: shopping and nightlife corridors
are likely to be the highest-leverage targets for visibility-based redistribution campaigns,
while restaurants and spas warrant curated local-experience programming and caution
toward any rating-boosting instrument that might signal touristic over-commercialization
in categories where authenticity drives selection. Third, festival windows are particularly
leveraged temporal triggers for concentrated intervention rather than disruptions to be
passively weathered, because tourists become both more responsive to digital signals
and more willing to venture beyond their immediate vicinity when overtourism pressure
peaks. The after-festival channel remains operative but has a smaller marginal response.
Fourth, any information-based redistribution program should be paired with an ex ante
carrying-capacity assessment of the receiving districts, because redirecting overtourism
burdens onto peripheral neighborhoods that lack the infrastructure to absorb them risks
converting a sustainability gain into sustainability harm. Whether and how a specifically
designed intervention embedded within these guidance points further improves outcomes
is a question for prospective intervention research, which the present observational design
does not evaluate.

From a sustainability standpoint, the results expose a duality. Organic information
cascades concentrate tourist flows in already strained corridors and reinforce localized
environmental, social, and economic externalities that work against the Sustainable Devel-
opment Goals on inclusive urban communities and responsible consumption. Nonetheless,
the aggregate spatial distribution moves toward greater equity over the festival cycle, indi-
cating that the same digital information environment, if actively governed, could be lever-
aged to reverse rather than reinforce concentration dynamics. The natural extension of this
work lies in three directions: longitudinal evidence on whether destination-management
content interventions translate into sustained spatial redistribution rather than transient
response; cross-platform integration that captures the algorithmic-curation regimes of
visual-first social media beyond the text-and-timestamp environment examined here; and
prospective intervention research that converts the behavioral substrate documented here
into evaluated, ethically scoped policy instruments. Sustainable urban tourism in the
post-pandemic era will increasingly depend on whether destination managers govern the
digital information environment as deliberately as they govern physical infrastructure,
and this study provides the behavioral evidence, the measurement architecture, and the
operational cycle on which that governance can rest.
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Appendix A. Supplementary Robustness Results

This appendix collects the supplementary robustness and diagnostic analyses intro-
duced in response to the reviewer comments. Scripts and summary outputs are available
in this Appendix A.

Table Al. Buzz coefficient robustness across alternative specifications.

Specification N Trips Buzz Coef z
Panel A: POI-to-district buffer

BO: baseline (no buffer filter) 95,682 +0.0094 *** 18.10
B1: drop POIs with < 0.5 km ambiguity 68,977 +0.0117 *** 19.41
B1: drop POIs with < 1.0 km ambiguity 44,474 +0.0116 *** 14.85
B1: drop POIs with < 2.0 km ambiguity 18,993 +0.0030 * 2.09
Panel B: Choice-set K x P grid

K=10,P=75 95,692 +0.0098 *** 17.68
K=10,P=285 95,692 +0.0106 *** 18.62
K=10,P=90 95,692 —+0.0102 *** 17.36
K=10,P=095 95,692 +0.0109 *** 17.84
K=20,P=75 95,692 +0.0100 *** 18.68
K=20,P=285 95,692 +0.0106 *** 19.26
K =20, P = 90 (baseline) 95,692 +0.0097 *** 18.20
K=20,P=95 95,692 —+0.0108 *** 18.73
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Table Al. Cont.
Specification N Trips Buzz Coef z
K=30,P=90 95,692 +0.0101 *** 18.26
K=30,P=95 95,692 +0.0105 *** 18.59

Panel A varies the buffer-distance filter on the nearest-centroid POI-to-district assignment. Panel B varies the
number of non-chosen alternatives (K) and the travel-distance percentile threshold (P). *** p < 0.001, * p < 0.05.

Table A2. Bartik IV cross-specification Rotemberg weights and cross-IV comparison.

Share 1st-Stage F IV Buzz Coef Top-1 Weight (District) Effective N
All-POI-share (primary) 132.03 +0.0226 0.317 (Bang Na) 7.4
Tweet-share (robustness) 124.14 +0.0215 0.661 (Pathum Wan) 1.9
Buzz-POl-share (original) 148.83 +0.0218 0.460 (Khlong Toei) 3.9

References

Table A3. POI-category analysis of Rating and Buzz coefficients.

N Trips Rating Coef Buzz Coef P

Panel A: Pooled model with and without POI-category fixed effects
S1: baseline (no category FE) 95,692 —0.060 *** +0.010 *** 0.106
52: + POl-category FE (4 dummies) 95,692 +0.029 *** -+0.010 *** 0.198

Panel B: Category-stratified subsamples

Restaurant (experience) 29,887 4+0.017 ***  40.0040 *** —
Spa (experience) 21,221 —0.158 ***  +0.0073 *** —
Shopping Mall (search) 10,234 +0.364 **  +0.0210 *** —
NightClub/Bar (search) 31,225 —0.154 **  4+0.0199 *** —

Panel A shows that adding POI-category fixed effects flips the sign of the pooled Rating coefficient while leaving
Buzz essentially unchanged. Panel B shows that within-category Rating preferences are positive for Restaurant
and Shopping Mall but negative for Spa and NightClub/Bar, consistent with authenticity-seeking in the latter

pair. Buzz sensitivity is higher in the two search-good categories. *** p < 0.001.

Table A4. H4 diagnostics at the district-day level.

Test/Outcome Statistic p-Value
Panel A: Formal trend tests on daily Gini series (N = 21 days)

Linear trend (slope = —0.00172/day) t=—448 0.0003
Mann-Kendall monotonic trend z=—-3.02 0.0025
One-way ANOVA (3 periods) F =788 0.0035
Kruskal-Wallis (3 periods) H=911 0.0105
t-test Before vs. After period means t = 3.66 0.0033
Bootstrap 95% CI of Before — After difference  [+0.013,4-0.037] 0.003
Panel B: Panel 2SLS on district—day outcomes (All-POI-share IV)

Congestion (with district and date FE) BIV = —0.0025 0.155 (null)
log(1 + visits) (with district and date FE) ﬁIV = +0.027 ** 0.015 (causal)
Visits in levels (with district and date FE) BY = +4.67 0.002 (causal)

Panel A confirms that the daily Gini coefficient declines significantly over the 21-day window. Panel B shows that
Bartik IV identifies a causal visitation channel while leaving within-district vehicular congestion null at the current

measurement resolution, consistent with the modest share of tourist trips in total roadway traffic. ** p < 0.01.
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