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ABSTRACT With the rapid development of mobile communication networks and digital information
dissemination technologies, tourism destination marketing increasingly relies on wireless media platforms
to influence tourists’ psychological responses and behavioral decisions. To reveal the nonlinear mecha-
nisms underlying this process, this study proposes a multi-level attribution framework integrating Extreme
Gradient Boosting (XGBoost) and SHAP analysis. Using 4,826 field survey samples combined with
real marketing logs, the framework models the relationships among marketing activities, psychological
motivations, and behavioral intentions while quantifying feature contributions and mediation effects.
The results demonstrate that short-video exposure exerts the strongest influence on recommendation
intention among first-time out-of-province tourists, whereas festival activities more effectively promote
revisit intention among repeat visitors. Heterogeneity analysis further reveals age-dependent differences
in motivational pathways, with social identity dominating younger groups and escapism becoming more
influential among older tourists. The proposed interpretable machine learning framework provides robust
support for precision marketing and behavioral prediction under data-rich environments. Moreover, its
methodology offers potential value for communication-assisted intelligent service systems and multimedia
information dissemination scenarios, where reliable digital content transmission and user behavior
modeling are essential for optimizing personalized interaction strategies.

INDEX TERMS tourism destination marketing, XGBoost, shap analysis, behavioral intention, digital
information dissemination

I. INTRODUCTION

THE competitiveness of tourist destinations depends
more and more on accurate insights relating to the

deep-psychological motivations of tourists [1, 2]. As a
crucial factor, marketing plays a significant role not only in
traffic conversion but also in activating internal motivations,
including emotional resonance, identity recognition, and
meaning construction, which leads to revisit, recommend,
and consume. This foundational principle of leveraging
deep-psychological drivers is directly transferable, under-
scoring the necessity for the industry to similarly target emo-
tional connection and identity recognition in its branding to
achieve lasting consumer loyalty and repeated high-value
purchasing [3,4]. Among the high volume of information
and homogenized experiences, which high-impact marketing
design elements should be identified and how to unveil
the design elements’ paths in action has become a major
concern in the tourism management science [5,6]. Inter-
pretable causality attribution models are developed to help a

leap from surface association to mechanism analysis, which
can provide dynamic and personalized strategic support
for destinations and improve the efficiency of resource
allocation as well as long-term brand value enhancement.
It should be noted that the similar driving mechanism
modeling techniques have been applied in the analysis of
consumer behavior in order to forecast pattern preferences
and purchase choices, demonstrating the potential for appli-
cation across different domains.

Existing evaluation systems mostly rely on linear struc-
tural equations or logistic regression models, making it
difficult to capture the asymmetric, threshold-type, and
higher-order interaction effects between marketing variables
and psychological constructs [7,8]. For example, discount
incentives may only significantly increase the willingness
to share when emotional resonance reaches a certain level,
and such conditional dependencies cannot be fully revealed
by traditional parametric models [9,10]. Some studies have
attempted to apply machine learning methods, but they
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remain at the level of predictive performance optimization,
lacking a systematic interpretation of the evolution of feature
importance and failing to transform model outputs into
interpretable behavior-driven paths [11,12]. Meanwhile, it
is worth noting that the majority of empirical analyses
overlook structural heterogeneity among the tourists, and
treat consumers of different ages, travel purposes, and cul-
tures as the same unit, hampering the external adaptability
of strategic implications [13,14]. Another limitation comes
from single data source, as it too heavily depends on
cross-sectional surveys [15,16], and lacks time synchroniza-
tion and behavior tracing with real marketing campaign
data, which leads to exogenous biases [17]. In addition,
psychological motivations are commonly represented as a
static latent variable without considering the dynamics of
activation intensity, which varies by the advertising themes
[18-20]. Taken together, such limitations challenge the fine-
grained dissection of the causal chain of “which activity-
eliciting which motivations-resulting in which behavior”,
constraining the formulation and empirical validation of
specific and dynamic marketing instruments. The innova-
tion of this paper lies in constructing a multi-level causal
attribution framework, which, through two-stage XGBoost-
SHAP modeling, systematically decouples the non-linear
transmission path of ’marketing activities → psychologi-
cal motivation → behavioral intention’. Its uniqueness is
reflected in: (1) In terms of methodology, the SHAP value
product mechanism is used to quantify the mediation effect,
breaking through the assumptions of the traditional linear
mediation model; (2) In terms of data, it integrates large-
scale field questionnaires and real marketing behavior logs
for the first time, realizing the spatiotemporal alignment of
psychological and behavioral data at the individual level,
thereby supporting fine-grained attribution. It also includes
a heterogeneity testing such as across scenic areas and
population groups, to identify the boundary conditions of
driving patterns disseminated by tourists’ demographic and
spatial features. The framework is driven by a fusion dataset
that includes comprehensive field surveys and real marketing
logs of subscribers, which guarantees external validity. The
findings offer a practical attribution instrument for tourism
management to support the transition from experience-
based towards data-driven precision marketing decision, and
enrich the theoretical application depth of ML in tourism
behavioral science. Furthermore, this instrument’s robust,
data-driven methodology provides an immediately trans-
ferable framework, enabling the industry to move beyond
traditional market intuition toward precision marketing and
data-backed decision-making in product development and
global consumer outreach.

II. METHODS
A. DATA ACQUISITION AND SAMPLE DESIGN
The study duration is from April 2023 to September 2024,
and three representative tourist cities in China (West Lake
Scenic Area in Hangzhou, Datang Everbright City in Xi’an,

and Kuanzhai Alley in Chengdu) are selected. These three
places reflect natural landscape, historical and cultural
site, and urban leisure site, respectively, and they have
obviously dispersed geographical distribution and diverse
cultural background, which enhance the external general-
izability of this study sample. The data collection adopts
the stratified random sampling method, and the sampling
size is firstly allocated according to the proportion of the
average daily visitor flow in each scenic spot, so as to
ensure that the structural distribution of the sample is
consistent with that of the actual visitor flow. A total of
5,300 questionnaires are planned to be distributed, with
a 10% redundancy reserve for invalid responses. Field
implementation uses online QR (Quick Response) code
scanning and offline interception. Permanent access points
are established at the rat population main gates and exits,
at service points, and at core activity nodes, with guidance
provided to tourists filling out electronic questionnaires. A
commemorative voucher is granted upon completion as an
encouragement for participation. The questionnaire contains
also demographic items on gender, age, place of origin
and visiting frequency and employs a seven-point Likert
scale to capture psychological perceptions and behavioral
reactions, making the measurement more robust. This study
was approved by the Ethics Committee of Macau University
of Science and Technology, and was performed in accor-
dance with the principles of the Declaration of Helsinki. All
eligible participants signed an informed consent form. IDs
of encrypted type are automatically generated per individual
identity and synchronized to local tourism marketing man-
agement system of scenic spot that distinguishes individuals.
This system pulls digital behavior logs for each respondent
two weeks prior and two weeks after their visit. Short
video platform exposure number, social media interaction
behavior, KOL (Key Opinion Leader) contents reached
records, offline advertising geofencing entry events, coupons
issued and redeemed status are included in the log. The
time window design is based on consumer decision response
cycle theory to determine a potential lag effect. All data
were tightly matched at the ID level, providing multi-source
information at the individual level, thereby significantly
mitigating the interference from recall bias and marketing-
behavior asynchronicity. Although the impact of unobserved
exogenous shocks (such as extreme weather or competitive
activities) cannot be completely ruled out, this design maxi-
mizes the reliability of causal inferences within empirically
feasible limits. It is controlled by full-process monitoring,
including rejection of samples with abnormal answer time,
samples with answers in a regular pattern and duplicated IP
addresses. Finally, 4,826 questionnaires which are positive
and logical valid are retained, with an effective recovery
rate of 91.3%. This data structure ensures spatiotemporal
alignment of perceived and actual behavior, yielding a high-
quality baseline data set for nonlinear attribution analysis.

Figure 1 illustrates the sample distribution across gender,
age, origin and visit type. Gender is almost equal, with a
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slightly higher share of women – in line with their leading
role in tourism decisions. The majority of respondents are
between the ages of 18 and 45, indicating that the sample
consists predominantly of young travelers, who are digitally
engaged and travel independently. More than half of the
visitors originate from outside the province, highlighting
the trans-regional attraction of the sites and the necessity
for region-specific promotion. There are more first-time
visitors than repeat ones by a large margin, allowing for
a strong evaluation of one-time marketing effects. These
figures correspond to the types of sites chosen: historical
and urban leisure sites bring in more young, out-of-province,
first-time visitors, and natural sites have more local repeat
visitors. This facilitates meaningful heterogeneity analysis
in a realistic environment.

B. DEFINING OPERATIONAL VARIABLES FOR
MARKETING ACTIVITIES, PSYCHOLOGICAL
MOTIVATIONS, AND BEHAVIORAL INTENTIONS
Constant systems respect measurability, traceability, and
verifiability to enable the theoretical structure to be practi-
cally applied [21,22]. Marketing campaigns can be observed
within 6 dimensions: (1) video length, which includes short
video exposure frequency derived from platform logs (e.g.,
TikTok, Kuaishou) and time decay as a weight to indicate
information contact intensity [23,24]; (2) number of KOL
collaborates, according to active interaction (no passive
exposure) with tourist creators on social media [25,26]; (3)
rate of festival events cleaning or in ticketing and check-
in systems over visitors duration of stay; (4) interaction
with social media (preferential criteria): total of likes, re-
posts, and comments for a page in a destination’s official
account/page among page views [27,28]; (5) density of of-
fline advertising coverage, estimated by GIS for monitoring
tourist exposure to adverts at advertisings installation places
(e.g. digital screens, bus stops); (6) intensity of coupon send-
outs, computed by how many and the denomination of the
targeted promotional vouchers a user is given. It should
be noted that this study operationalizes marketing activities
as the intensity of objective exposure to actual visitor
contact (rather than self-reported perceived intensity) for
two reasons: first, log data avoids recall bias and common
method bias; second, the activation of psychological moti-
vation depends primarily on actual contact, not subjective
misjudgment. In subsequent analysis, we verified the consis-
tency between log indicators and subjective perceptions by
conducting a correlation test between SHAP values and the
"marketing perception" item in the questionnaire (r > 0.61,
p < 0.001), thus supporting their reasonableness as effective
proxy variables.

Psychological motivation is a seven-factor model based
on the Enhanced Travel Motivation Scale, including novelty
seeking, escapism, social identification, cultural exploration,
relaxation, self-actualization, and family companionship;
each factor contains 4-6 Likert scale items (α > 0.82).
Items are optimized for reliability and validity, and low-

discrimination items are eliminated using item response
theory [29,30]. Behavioral intentions are measured by three
indicators: the intent to revisit and to recommend (self-
rated on a 0-10 scale) [31,32], and daily spending per
capita in RMB, compiled by POS and mobile payment
records to control for subjective bias. All variables are cross-
validated: subjective reports are verified with objective logs,
and inconsistent samples are manually examined to ensure
data authenticity and the stability of the measurements.

C. CONSTRUCTING DRIVING EFFECT IDENTIFICATION
MODELS BASED ON XGBOOST
The model construction focuses on the identification of
nonlinear driving relationships and uses the XGBoost algo-
rithm to model behavioral intentions. The three behavioral
intentions are treated as independent output variables, with
the average daily consumption amount as a continuous
target variable, and the XGBoost regression framework is
used for fitting. The revisit intention and recommendation
intention are transformed into binary classification tasks,
with a threshold of 7 points and above assigned to the
high intention group [33,34], and the rest assigned to the
low intention group, and XGBoost classification training
is performed. The input features include 13 dimensions in
total, including six types of marketing activities and seven
psychological motivations [35]. All variables are standard-
ized, and outlier truncation is performed to ensure numerical
stability.

The model training process incorporates a regularization
mechanism to suppress overfitting. The objective function
consists of a prediction error term and a tree structure
complexity penalty term.

L =

n∑
i=1

l(yi, ŷi) +

K∑
k=1

Ω(fk) (1)

yi is the true response value of the i-th sample; ŷi is the
model prediction value; l(·) is the loss function. Squared
error is used for regression tasks, and logarithmic loss is
used for classification tasks. fk represents the k-th decision
tree; Ω(fk) = γT + 1

2λ∥w∥
2 controls the number of leaf

nodes T and the complexity of weights w in each tree; γ and
λ are the regularization parameters. The model ensemble
strategy uses gradient boosting, fitting the negative gradient
direction of the residuals in each iteration to gradually
optimize the overall performance.

The hyperparameter configuration is determined after
multiple rounds of tuning. The maximum tree depth is
set to 8 to limit the branch levels and prevent excessive
subdivision. The learning rate is fixed at 0.05 to enhance
iterative stability. The column sampling rate is set to 0.7,
using only a subset of features in each split to improve
generalization ability. The training process implements five-
fold cross-validation, maintains consistency in data distri-
bution between groups, and uses random seed locking to
ensure reproducibility. The final model retains the entire
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FIGURE 1. Demographic characteristics of the sample (N = 4,826)

set of weak learners, and the output structure is used for
subsequent individual-level contribution analysis to support
fine-grained decomposition of the driving path. Figure 2
presents the professional architecture of the XGBoost model
in identifying the driving effects of tourism marketing. The
13-dimensional input features cover six types of marketing
activities and seven psychological motivations, which are
standardized and then fed in parallel into multiple decision
trees with a depth not exceeding 8. Each tree outputs
leaf node weights, and a regularization mechanism is used
to control complexity. The predictions from all trees are
integrated additively to form a unified output, which is
then distributed by the routing module according to behav-
ioral intention type: spending amount follows a regression
path, while revisiting and recommendation intentions are
converted into high-intention binary classification outputs.
The overall design focuses on interpretable modeling of
nonlinear driving paths, supporting the causal link analysis
from marketing intervention to psychological response to
behavioral decision-making.

D. APPLYING SHAP VALUES TO ANALYZE THE
CAUSAL PATH OF MARKETING-MOTIVATION-BEHAVIOR
The fine-grained decomposition of the driving path relies on
the TreeSHAP algorithm to achieve interpretability transfor-
mation of feature contributions. This method, based on the
Shapley value in cooperative game theory, assigns a unique
marginal effect measure to each input variable, reflecting
its actual influence direction and strength in the prediction
results of a specific sample. For the trained XGBoost model,
the SHAP values of the 13 input features are calculated for
each of the 4,826 valid observations, forming an attribution
matrix at the individual level. Positive or negative values
indicate promoting or inhibiting effects, and the absolute
value reflects the degree of contribution, preserving the local

interpretability under the original nonlinear relationship.
Path analysis focuses on the mediating mechanism by

which marketing activities are transmitted from psychologi-
cal motivation to behavioral intention. It extracts the SHAP
value sequences of six marketing variables and seven mo-
tivational dimensions, and uses conditional expected value
estimation to assess the trend of SHAP value fluctuations of
a specific motivation caused by changes in a particular mar-
keting characteristic, while keeping other covariate values
constant. A path weighting index is constructed.

Wm→k→b = E[ϕy
b | ϕx

m, ϕz
k] (2)

ϕx
m represents the SHAP contribution of the m-th market-

ing activity to the input x; ϕz
k represents the SHAP attribu-

tion value of the k-th psychological motivation to the latent
variable z; ϕy

b represents the response of the behavioral
intention output y. The combined expectation of these three
factors characterizes the strength of the chain association
from stimulus to internal state to overt behavior. High-
dimensional interactive influences are naturally incorporated
into the calculation process without the need for pre-defined
function forms.

It is important to emphasize that the SHAP product
in this study reflects the joint strength of the predictive
contributions of the three-stage variables, used to identify
potentially high-impact attribution paths, not a formal test of
causal mediation effects. Therefore, the interpretation should
be limited to the level of "attribution path strength."

E. HETEROGENEITY TESTS CONDUCTED BY
GROUPING TOURISTS BY ATTRIBUTES AND SCENIC
AREA TYPE
Heterogeneity tests employ a stratified grouping strategy to
reveal the differentiated manifestations of driving effects
across different populations and contexts. The sample is

VOL. 15, NO. 3, AUGUST 20261372



Y. Yang et al.

FIGURE 2. XGBoost model architecture

divided into multiple subsets based on demographic char-
acteristics and spatial attributes. Age is categorized into
18–30 years, 31–45 years, and ≥46 years. Visit type is
differentiated into first-time and repeat visitors based on past
visit records. Origin is defined by administrative boundaries
as local and out-of-province tourists. Scenic spot type is
categorized into natural scenery, historical and cultural sites,
and urban leisure sites. All grouping criteria are independent
and supported cross-comparison.

Within each group, the SHAP path weights are recalcu-
lated independently, preserving the original model structure.
The activation intensity of each marketing campaign on
psychological motivation and its transmission efficiency to
behavioral intentions are reassessed on the subsamples. The
core indicators are the standardized average SHAP contri-
bution value and the mediation path coefficient, reflecting
the magnitude of the interaction between variables within
a specific group. Cross-group comparisons use a weighted
difference measure.

∆g,g′ =
1

N

N∑
i=1

∣∣∣ϕ(g)
i − ϕ

(g′)
i

∣∣∣ (3)

ϕ
(g)
i represents the average SHAP value of the i-th feature

in the group g, and ϕ
(g′)
i represents the corresponding value

in the reference group or other comparison groups. The
mean of the absolute values of the differences quantifies
the overall deviation of the driving patterns between the two
groups. High difference values indicate significant context
dependence.

III. QUANTITATIVE ASSESSMENT OF THE DRIVING
ROLE OF TOURISM MARKETING
A. HORIZONTAL COMPARISON AND VALIDATION OF
MODEL PREDICTION PERFORMANCE
Using RMSE (Root Mean Squared Error), MAE (Mean
Absolute Error), R2 (for regression tasks), AUC (Area
Under Curve), and F1-score (for classification tasks) as
evaluation metrics, and under the same data partitioning and
hyperparameter tuning strategies, the proposed XGBoost-

SHAP framework is compared with five mainstream models:
RF (Random Forest), LightGBM, CatBoost (Categorical
Boosting), SVM (Support Vector Machine), and MLP (Mul-
tilayer Perceptron), to verify its effectiveness in modeling
complex nonlinear relationships.

Figure 3 presents a performance comparison of six
models under five evaluation metrics. The horizontal axis
represents the model name, and the vertical axis corre-
sponds to the metric value. XGBoost-SHAP has the lowest
RMSE (0.82±0.012) and MAE (0.63±0.009) values, and
the highest R2 (0.76±0.008), reflecting its smallest fitting
error for consumption amount and the largest explained
variance. It also ranks first in AUC (0.89±0.007) and
F1-score (0.84±0.008), indicating optimal accuracy and
category balance in identifying high-intent tourists. The
small error margin reflects the high stability of the results
under five-fold cross-validation. The performance advantage
stems from the model’s adaptive ability to capture non-
linear interactions and threshold effects of features, espe-
cially fitting the conditional dependence between marketing
stimuli and psychological motivations. Other models are
limited by structural constraints or sensitivity to sparse
high-dimensional features, and perform worse in modeling
complex behavioral paths. The consistency of all indicators
points to the same conclusion, eliminating the interference
of randomness from a single indicator and enhancing the
applicability and robustness of XGBoost-SHAP in tourism
behavior-driven modeling.

B. DIFFERENTIATION OF MARKETING CAMPAIGN
TYPES IN DRIVING BEHAVIORAL INTENTIONS
Driving force strength is assessed by the within-group
mean absolute SHAP value, reflecting the average marginal
impact of each marketing campaign type on behavioral
intentions. The sample is split into four subgroups by
visit frequency (first-time vs. repeat) and origin (within vs.
outside province). For each subgroup, mean SHAP values—
retaining sign to indicate facilitation or inhibition—are
computed across six campaign types and three behavioral
intentions. Strategy context dependence is identified by
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FIGURE 3. Comparison of model prediction performance

comparing intensity rankings of the same campaign across 
subgroups. All results derive from aggregated individual-
level SHAP attributions, ensuring fine-grained group infer-
ence. 
Table 1 suggests a systematic change in the efficiency of 
marketing campaigns according to tourist identity struc-
ture. First-time visitors from out of the province matter most 
to short video exposure, with the strength of the recommen-
dation intention drive being 0.34, which is much greater 
than other promotion strategies. This indicates that once 
in an unfamiliar place, they depend on highly immersive 
and visual content to form initial cognitive and emotional 
connections with the destination. Provincial returnees are 
also very receptive to festival programs, with a festival 
intention strength of 0.30, meaning that local returnees are 
more inclined to value physical participation and experi-
encing rituals of cultural. KOL collaborations tend to be 
more effective for first-time visitors but their effectiveness 
decreases slightly for repeat visitors; the effect of coupons 
is slightly higher for first-time visitors from within the 
province suggesting that price sensitivity is moderated by 
location and familiarity. It can be found that the contribution 
of offline advertising is relatively small overall, which 
suggests a passive exposure to information most likely does 
not trigger a deep desire to act. The observed data pattern 
confirms that marketing efficiency is not unconditionally 
generalizable but firmly situated in the tourists’ stage of 
cognition and geographical psychological distance. The data 
demonstrates that short videos have the strongest recom-
mendation intention drive for first-time visitors from outside 
the province (0.34), while festival activities have the most 
significant revisit intention drive for repeat visitors (0.31).

TABLE 1. Analysis of the driving effect of marketing activities

Marketing Activity
Type

Out-of-Province
First- Time
Visitors
(Recommendation
Intention)

In-Province
First-Time Visitors
(Recommendation
Intention)

Out-of-Province
Repeat Visitors
(Revisit Intention)

In-Province
Repeat Visitors
(Revisit Intention)

Short Video
Exposure
Frequency

0.34 0.28 0.22 0.19

KOL
Collaboration
Count

0.29 0.25 0.2 0.18

Festival Event
Frequency

0.18 0.2 0.31 0.30

Social Media
Engagement Rate

0.24 0.22 0.25 0.23

Offline Ad
Coverage Density

0.15 0.17 0.19 0.21

Coupon
Distribution
Intensity

0.2 0.23 0.17 0.16

Note: Ad is an abbreviation for Advertisement.

C. MEDIATING ROLE OF PSYCHOLOGICAL
MOTIVATION IN THE DRIVING LINK
The mediation effect is assessed using the SHAP product
method: for each respondent, the element-wise product of
SHAP values from any marketing and motivational feature is
computed, and then averaged within each age group (18–30,
31–45, ≥46) to form a “marketing-motivation” mediation
strength matrix. Positive means co-directional influence;
larger values denote stronger mediation. Analyzing 42 paths
across six marketing types and seven motivations, the top
three motivational dimensions with highest mediation per
age group are identified. All calculations use original SHAP
values, avoiding linear assumptions or predefined paths to
preserve true non-linear mediation structure.

Table 2 displays a life stage variation that reveals psy-
chological motivation parallelly functions as a mediator.
In the 18–30 age group, the SHAP product path strength
corresponding to social identity is the highest (0.20), indi-
cating that young travelers rationalize their travel behavior
through the acquisition of social capital; marketing messages
that promote identity expression or social group belonging
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notoriously convert into behavioral intentions. Motivations
for the 31–45 age group are also relatively evenly split
between a cognitive and a family-related caring dual focus,
with cultural exploration (0.19) and family companionship
(0.18) given almost equal importance. In the ≥46 age
group, the escapism path strength is the highest (0.22),
relaxation/stress reduction at 0.20) signifying that mature
travelers tend to use destinations more as mental wedges
from everyday stress and that they are particularly respon-
sive to advertising linking travel to peace, healing and/or
nostalgic storytelling. Motivational rank differences are not
mere random variation but are influenced by an interplay of
cost-benefit analysis, social role pressure, and self-concept
expansion. In the 18-30 age group, social identity becomes
the strongest mediating effect; while in the ≥46 age group,
escapism becomes the strongest mediating effect (0.22).

TABLE 2. Mediating role of psychological motivation

Psychological
Motivation

Age 18–30
(Mean Product)

Age 31–45
(Mean Product)

Age ≥46 (Mean
Product)

Social
Recognition

0.20 0.15 0.1

Novelty Seeking 0.18 0.17 0.12
Cultural
Exploration

0.16 0.19 0.14

Escape from
Reality

0.11 0.13 0.22

Relax and
de-Stress

0.13 0.16 0.2

Self-Actualization 0.12 0.14 0.13
Family
Companionship

0.09 0.18 0.17

D. STABILITY OF DRIVING EFFECTS AMONG SCENIC
AREA TYPES
The stability assessment of driving paths is quantified based
on the dispersion of the SHAP contribution value in five-fold
cross-validation. For each "marketing-motivation-behavior"
ternary path, the mean of its SHAP product is calculated
in each cross-validation fold, resulting in five repeated
observations. The coefficient of variation (CV) is obtained
by dividing the standard deviation of the sequence by its
mean, measuring the robustness of path strength under data
perturbation; a lower CV indicates a more stable mecha-
nism. The samples are divided into three groups according
to scenic area type: natural scenery, historical and cultural
sites, and urban leisure sites. The CV of all potential paths
within each group is calculated, and the dominant path with
the smallest CV in each scenic area type is selected.

Table 3 depicts the coefficient of variation (CV) reflecting
the robustness of the driving path under data perturbation;
the lower the value, the more reliable the mechanism.
In historical and cultural scenic areas, the CV for the
path of KOL collaboration driving revisit intention through
cultural exploration is only 0.02, indicating that authorita-
tive narratives and in-depth content continuously stimulate
cognitive resonance in this type of scenario, forming a
stable logic for repeat visits. Urban leisure scenic areas

exhibit a strong experience-oriented approach, with the CV
for the path of short videos driving consumption through
the motivation of seeking novelty being 0.04, aligning
with urban tourists’ preference for instant stimulation and
novelty check-ins. Natural scenic areas have relatively low
path stability, suggesting that their driving force is more
dependent on environmental context and individual mood,
and is easily affected by external factors. The core path
differences among the three types of destinations are rooted
in their symbolic meaning and functional positioning: cul-
tural venues emphasize the inheritance of meaning; urban
spaces focus on sensory renewal; natural areas tend towards
emotional regulation. Data confirms that the KOL collabo-
ration quantity-cultural exploration-revisit path is the most
stable in historical and cultural scenic areas (CV=0.02),
while the short video exposure frequency-seeking novelty-
consumption path has the highest stability in urban leisure
scenic areas (CV=0.04). It should be emphasized that while
the dominant paths identified in Table 3 exhibit high stability
within this study’s sample, their generalization should be
limited to scenic areas with similar functional attributes
and cultural contexts. For example, the robust performance
of the ’KOL collaboration → cultural exploration’ path in
historical and cultural scenic areas may not be applicable to
other cultural sites lacking narrative depth or authoritative
symbolic systems. Strategy transfer needs to be calibrated
in conjunction with the local content ecosystem and tourist
cognitive schemas.

TABLE 3. Stability of driving effects among scenic area types

Destination Type Dominant Driving Path CV

Natural Scenery Short Video Exposure
Frequency → Relax and
de-Stress → Revisit
Intention

0.12

Historical-Cultural KOL Collaboration
Count → Cultural
Exploration → Revisit
Intention

0.02

Urban-Leisure Short Video Exposure
Frequency → Novelty
Seeking → Daily
Spending

0.04

Natural Scenery Festival Event Frequency
→ Escape from Reality
→ Recommendation

0.13

Historical-Cultural Offline Ad Coverage
Density → Family
Companionship →
Recommendation

0.11

Urban-Leisure Social Media
Engagement Rate →
Social Recognition →
Recommendation

0.1

IV. CONCLUSION
In this paper, the XGBoost-SHAP-based attribution model is
developed to expose the nonlinear process of tourism mar-
keting on tourists’ psychology and behavior. This powerful,
explanatory model is highly transferable, offering a crucial
analytical tool for the industry to accurately map the com-
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plex, nonlinear impacts of its branding efforts on consumer
identity, emotion, and subsequent purchasing decisions. Ef-
fectiveness of tourism marketing activities is not universal,
and the effectiveness is embedded in a multidimensional
environment of the tourist’s identity characteristics, the life
cycle stage, and the tourism destination type. Social identity
is more influential among the younger cohorts whereas
older tourists are more influenced by escapist routes. First-
time out-of-province visitors are more influenced by digital
products, and repeat visitors are more influenced by physical
festival experiences. Historic and cultural venues depend
on authoritative narratives, urban leisure spaces rely on
new encounters for conversion. Psychological motivation
serves as a critical mediator and its manifestation dynam-
ically changes across different ages and contexts. This
framework surpasses linear assumptions and enables micro-
foundations via the analysis from variable association to the
contextualized causal chain, offering actionable attribution
evidence and decision support for tailored tourism marketing
strategies. Critically, this capability provides a powerful,
transferable model that allows the industry to move beyond
surface trends, using the causal chain analysis to inform
precise product development and highly individualized mar-
keting strategies in the global consumer market.
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