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Abstract

Tourism recommendation must capture evolving preferences and dependencies among suc-
cessive activities. This study proposes a place-transition-aware tourism recommendation
framework integrating dual-side dynamic profiling, Event Evolutionary Graph-based path
behavior reasoning, and XGBoost re-ranking. Using travel notes, attraction reviews, and
attribute data from Wuhan, China, the framework models dynamic user preferences and
attraction states. Sequential visit transitions and co-visitation associations among tourism
places are organized in Neo4j. Behavioral continuity is defined as the explicit sequential
and co-visitation dependencies linking users’ previous attraction visits to subsequent can-
didate attractions. In this framework, a place transition denotes a topological behavioral
relation between place-related events rather than a geographic route, road-network path,
or coordinate-based distance relationship. A time-aware relation-weighted path score is
combined with profile features in a 35-dimensional vector for candidate ranking. The
framework achieved the highest Top-5 performance among the evaluated models, with
an F1@5 of 0.2714. Its F1@5 was significantly higher than those of GRU4Rec, SASRec,
and LightGCN, but not significantly different from BERT4Rec, which obtained slightly
higher Top-10 results. The path score achieved a ROC–AUC of 0.7811 and increased Top-
5 path coverage from 0.5997 to 0.6475. These findings indicate that dynamic profiling
supports relevance discrimination, whereas path behavior reasoning improves behavioral
coherence and interpretability. The conclusions are limited to the present moderate-scale
offline dataset.

Keywords: place-transition analysis; dynamic profiling; tourist behavior; path behavior
reasoning; smart tourism

1. Introduction
With the rapid growth of online tourism platforms and location-based digital tourism

services, tourism behavior data have exhibited increasingly dynamic, sequential, and
place-dependent characteristics [1,2]. Tourists’ preferences, visit sequences, and contextual
demands evolve across temporal conditions, visited places, and behavioral stages, making
the representation of transitions and associations among tourism places an important issue
in smart tourism recommendation.

Existing tourism recommendation studies have mainly focused on tourist interest mod-
eling based on collaborative filtering, matrix factorization, and deep learning approaches,
achieving considerable progress in preference learning [3]. Some studies have employed
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temporal attention mechanisms and recurrent neural networks to model users’ long-term
and short-term interests [4,5]. However, in tourism scenarios, tourist demands are often
influenced by multiple factors, including emotional fluctuations, temporal and situational
constraints, and behavioral processes. Consequently, static profiles or sequence represen-
tations derived solely from interaction order may be insufficient to jointly characterize
preference evolution, contextual constraints, and accumulated tourism experiences.

Contemporary sequential models such as SASRec and BERT4Rec capture temporal
dependencies in user interactions [6,7], while graph-based methods such as LightGCN and
KGAT learn high-order user–item or user–entity relationships [8,9]. Knowledge graph-
based and explainable recommendation studies further show that structured entity relations
can alleviate semantic sparsity and provide traceable evidence for recommendation deci-
sions [10–14]. However, these approaches generally represent behavioral dependencies
through latent sequence states or graph embeddings, rather than explicitly organizing
tourism activities as event-level transitions connected by sequential and co-visitation re-
lations. In tourism scenarios, destination choices may depend not only on interaction
order but also on emotional feedback, travel context, attraction states, and associations
between previously visited places and subsequent candidates. Tourism experiences can
be regarded as accumulated preference evidence that combines episodic experience with
affective evaluation. When tourists make subsequent destination choices, recently ex-
pressed and repeatedly reinforced interests are more likely to remain relevant, whereas
the behavioral influence of older and unrepeated experience evidence may gradually at-
tenuate. In the proposed framework, emotional feedback determines the direction and
initial strength of experience-derived preference evidence, while elapsed time controls its
subsequent attenuation. The emotional memory-decay mechanism is therefore introduced
as a computational abstraction inspired by cognitive memory decay, rather than as a claim
that tourist interests strictly reproduce a psychologically measured forgetting curve. It
retains repeatedly expressed long-term preferences while reducing the contribution of
outdated evidence.

To address these issues, this study proposes a place-transition-aware tourism recom-
mendation framework integrating dynamic profiling and path behavior reasoning. The
place-transition-aware perspective refers to the relational analysis of sequential visit tran-
sitions and co-visitation associations among tourism places. Attractions are treated as
identifiable place entities, and the observed relations among them form a topological place-
transition network. The framework does not use geographic coordinates, road-network
distances, or metric spatial proximity as predictive features. User preferences are repre-
sented through BERT-supported semantic features [15], temporal decay, and contextual
constraints, while attraction profiles integrate perceptual, basic, and temporal attributes. An
Event Evolutionary Graph is constructed in Neo4j to organize sequential and co-visitation
relations among validated tourism events [16–18]. A time-aware relation-weighted path
score is then extracted as explicit behavioral-association evidence [19] and combined with
the profile features through an XGBoost re-ranking model.

The main contributions of this study are summarized as follows:

1. A dual-side dynamic profiling method considering emotional memory decay is pro-
posed to jointly represent tourist demands and dynamic attraction attributes.

2. An Event Evolutionary Graph-based path behavior reasoning mechanism is con-
structed to represent sequential and co-visitation associations and to introduce explicit
behavioral evidence into recommendation ranking.

3. A place-transition-aware tourism recommendation framework is developed to inte-
grate dynamic profile features and a relation-weighted path feature through inter-
pretable XGBoost re-ranking.
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The overall technical framework of this study is illustrated in Figure 1.

Figure 1. Place-transition-aware tourism recommendation framework integrating dynamic profiling,
Event Evolutionary Graph-based path behavior reasoning, and XGBoost re-ranking.

2. Related Work
User profiling is a central approach for representing individual preferences in rec-

ommender systems [20,21]. Early methods mainly constructed static profiles from de-
mographic attributes or historical interaction frequencies, whereas tourism preferences
often evolve with travel stages, contextual conditions, and accumulated experiences [22,23].
Sequential models such as SASRec and BERT4Rec improve the representation of temporal
dependencies through self-attention and bidirectional sequence modeling [6,7], but their
preference representations are primarily inferred from ordered interactions. In tourism sce-
narios, the retention and attenuation of interests may also be affected by emotional feedback
and previous travel experiences. Existing time-aware profiling methods commonly apply
predefined temporal weights but provide only a limited representation of how accumulated
preference evidence weakens over time or is reinforced through repeated expressions. The
present study interprets historical travel experiences as affectively evaluated preference
evidence: sentiment polarity determines the signed contribution of an experience, repeated
expressions reinforce the corresponding interest dimension, and elapsed time reduces the
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contribution of older evidence. On this basis, an emotional memory-decay mechanism is
employed to combine relatively stable long-term preferences with recent interest changes.

Knowledge graph-based recommendation uses structured entity relations to alle-
viate semantic sparsity and support interpretable association modeling [10–14]. Many
conventional knowledge-graph recommenders encode user–item–entity relations through
graph embeddings or relatively fixed relation structures; these representations capture
semantic associations but do not directly describe the ordered transition of tourism events.
Beyond conventional embedding-based approaches, knowledge-enhanced interactive rec-
ommendation also combines structured knowledge with causal or reinforcement-learning
mechanisms [24]. GNN-based approaches emphasize high-order interaction learning
through message propagation [8,9,25], temporal knowledge graph models incorporate
time-dependent entity relations and path reasoning [19,26–28], and LLM-enhanced meth-
ods mainly strengthen semantic representation, contextual reasoning, and explanation
generation [29,30]. Recent situation-aware and smart-urban recommender studies further
emphasize users’ current goals, environmental constraints, graph integration, explainabil-
ity, real-time processing, privacy, and governance [31,32], while cultural-tourism research
demonstrates the value of situational conditions in personalized experience recommenda-
tion [33]. These developments improve structural, temporal, or semantic modeling, but
their primary representations remain user–item interactions, evolving entity relations, or la-
tent semantic knowledge. The present study instead organizes validated tourism activities
as event-level transitions connected by sequential and co-visitation relations. Event Evolu-
tionary Graphs provide a structural basis for representing such event dependencies [16–18],
from which a time-aware relation-weighted path feature is extracted as explicit evidence
linking users’ previous activities with candidate attractions.

For medium-scale tourism datasets containing heterogeneous structured features, ensem-
ble learning provides a practical means of modeling nonlinear feature interactions [34–36].
XGBoost is particularly suitable for integrating numerical, categorical, semantic, tempo-
ral, and graph-derived features within a unified ranking model [37,38]. In this study,
it is used as an interpretable re-ranking model rather than as a sequence encoder or
graph-reasoning mechanism. The methodological focus therefore lies in coupling dy-
namic profiling, attraction-state representation, and an explicit relation-weighted path
feature, rather than claiming that XGBoost is universally preferable to sequential or graph-
based recommendation models. When the user-side and attraction-side representations
are discussed jointly, they constitute the dual-side dynamic profiling component of the
proposed framework.

3. Multi-Dimensional Tourist–Attraction Profiling and
Feature Construction
3.1. Data Sources and Preprocessing

This study constructs a multi-source tourism dataset from travel notes, attraction
reviews, and attraction attribute records associated with Wuhan, China. User-side data are
used to extract interest preferences, activity sequences, travel contexts, and consumption
characteristics, while attraction-side data support the construction of basic, perceptual, and
temporal attributes. The main dataset and ranking-experiment statistics are summarized in
Table 1.

Travel notes were first used to construct dynamic profiles and extract validated
attraction-visit events, while attraction reviews supported perceptual and temporal feature
construction. For the ranking experiment, each user’s validated visits were ordered chrono-
logically. Earlier visits formed the behavioral history, whereas subsequent eligible visits
were used as validation or test targets. For each target, the model ranked candidate attrac-
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tions that had not appeared in the corresponding historical sequence. To ensure a consistent
comparison, only queries for which all evaluated models could rank the same candidate
attractions were retained. This chronological construction prevents future visits from being
used when generating profile or path features for an earlier recommendation time.

Table 1. Statistical summary of the tourism dataset and ranking experiment.

Item Value

Study Area Wuhan, China
Data Sources Ctrip, Red Note

Temporal Coverage of Travel Notes and Reviews 2016–2025
Number of Users 434

Number of User Travel Notes 1737
Number of Attractions 62

Number of Attraction Reviews 39,541
Negative Samples 1749

Total Labeled Samples 2332
Negative Sampling Ratio 1:3

Training–Testing Split 8:2

To ensure data quality, the raw textual data are first cleaned by removing advertising
content, duplicated texts, and special symbols. Missing values are processed according to
their data types. Numerical attributes, such as attraction prices and ratings, are imputed
using the median values of the corresponding attributes calculated from the training set.
For textual data, a deterministic rule-based supplementation procedure is adopted. After
text cleaning, a travel note or review is considered invalid when its main-text field is
empty, and the corresponding record is excluded from text-based feature extraction. When
the attraction description field is empty, the available fields within the same record are
concatenated in a fixed order—attraction name, category, tags, and location information—to
construct the textual input; unavailable auxiliary fields are skipped. After preprocessing,
word segmentation, sentiment analysis, and feature extraction are further performed on
user travel notes and attraction reviews to provide a data foundation for subsequent
profiling modeling.

3.2. User Profiling Construction

User profiling is employed to characterize tourists’ interest preferences and behav-
ioral characteristics. In this study, the user profile is represented as a feature vector Ui

integrating multi-dimensional attributes and is modeled from three aspects: semantic
preference features, dynamic interest features, and contextual as well as consumption
constraint features.

3.2.1. Semantic Preference Features

BERT-based contextual representations are used to support semantic matching be-
tween user travel notes and tourism interest dimensions. The dimensions were established
through a corpus-guided procedure that combined recurrent-theme identification with
manual semantic consolidation. Semantically overlapping themes were merged, while
themes with limited coverage or weak relevance to tourism preferences were removed.
This procedure yielded ten dimensions: photography, foodie, shopping, nature, history,
adventure, relaxation, family, nightlife, and luxury. A manually checked lexicon containing
representative and semantically related expressions was constructed for each dimension,
and travel-note expressions were mapped to the corresponding dimensions using their
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contextual representations. For user i, the original preference score on dimension k, denoted
as Pi,k, is calculated as follows:

Pi,k =
Ni

∑
m=1

(TermFreqi,m,k × Sentimenti,m) (1)

where Ni denotes the number of travel notes associated with user i, TermFreqi,m,k denotes
the frequency of topic-related keywords belonging to dimension k in the m-th travel note of
user i, and Sentimenti,m represents the corresponding sentiment polarity score, with values
ranging from [−1, 1].

This procedure converts each user’s travel notes into a ten-dimensional semantic pref-
erence vector. Table 2 presents the original preference scores of five representative users.

Table 2. Raw preference scores Pi,k for five representative users across ten interest dimensions.

User_id Photog-
raphy Foodie Shop-

ping Nature History Adven-
ture

Relaxa-
tion Family Night-

life Luxury

U_0ec2494bad57d7c7 6.738 0 2.897 8.852 0.959 1.798 0 9.867 0 0
U_2e9876c3328cc4b8 2.474 5.801 0 42.862 19.564 2.957 3.955 3.9178 0 0.997
U_783a5b31a38b6bbb 2.922 0.992 0 37.344 3.242 3.970 1.962 7.547 0.998 0
U_9f2a863f83cacd7e 14.773 1.968 1.980 108.466 61.122 0.992 4.936 8.485 2.732 0.989
U_e6418ece86c0c7df 5.922 1.994 6.987 5.883 0 0.991 0.997 2.966 1.881 2.991

3.2.2. Dynamic Interest Evolution and Emotional Memory Decay

Dynamic user profiling combines a long-term preference component derived through
exponential decay with a short-term component estimated using a seven-day linear weight-
ing window. Because the original preference score Pi,k incorporates sentiment polarity,
temporal decay is applied to sentiment-weighted preference evidence rather than to raw
interaction counts. Here, emotional memory decay refers to the time-dependent attenuation
of sentiment-weighted experience evidence rather than a direct simulation of human cog-
nitive forgetting. The coefficients β and γ control the decay rate and the balance between
the two components, respectively, and are selected using the training data as described in
Section 5.1.

(1) Long-Term Interest Modeling
The long-term component represents relatively stable user preferences. The contri-

bution of each historical travel note is attenuated according to the interval between its
publication time and the profile reference time. The calculation is defined as follows:

Slong = Pi,k × e(−β×d) (2)

where β denotes the decay coefficient controlling the attenuation rate of long-term in-
terests, and d represents the number of days between the travel-note publication time
and the profile reference time. A larger β produces faster attenuation, whereas a smaller
value preserves historical evidence for a longer period. This component reduces the in-
fluence of older evidence while retaining preferences that are repeatedly expressed across
historical records.

Through the exponential decay mechanism, the weights of historical behavioral fea-
tures gradually decrease over time, while long-term stable interests still retain a certain
degree of influence.

(2) Short-Term Interest Modeling
The short-term component captures recent preference changes using a seven-day

linear weighting window:

Sshort = Pi,k × max(0, 1 − d
7
) (3)
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Behaviors occurring at the profile reference time (d = 0) receive a weight of 1. The
weight decreases linearly to 0 at d = 7 and remains bounded at 0 for d > 7. This component
therefore emphasizes preference evidence within the seven-day window without assigning
negative weights to earlier behaviors or replacing the long-term representation.

(3) Weighted Fusion
The final dynamic preference score is obtained by combining the long-term and short-

term components:
W f inal = γ · Sshort + (1 − γ) · Slong (4)

where γ controls their relative contributions. A value of 0 retains only the long-term
component, a value of 1 retains only the short-term component, and intermediate values
combine both. Under the selected setting of β = 0.001 and γ = 0.75, the distributions of the
normalized dynamic user profiles are summarized in Table 3.

Table 3. Descriptive statistics of normalized temporal preference profiles across users.

Interest Dimension Mean Std. Median IQR

Photography 0.2328 0.1244 0.1628 0.0965
Foodie 0.1728 0.1119 0.1301 0.0978

Shopping 0.1607 0.1047 0.1226 0.0000
Nature 0.0786 0.1226 0.0338 0.0895
History 0.0690 0.1079 0.0297 0.0887

Adventure 0.0138 0.0805 0.0000 0.0000
Relaxation 0.0261 0.0871 0.0000 0.0000

Family 0.0917 0.0933 0.0665 0.0000
Nightlife 0.1301 0.1258 0.0687 0.0781
Luxury 0.0163 0.0798 0.0000 0.0000

The dispersion varies across the ten dimensions. Photography, nature, history, and
nightlife exhibit relatively greater user-level variation, whereas adventure, relaxation, and
luxury remain sparse for most users. No duplicate ten-dimensional profile vectors were
observed, and the mean and median pairwise Euclidean distances were 0.389 and 0.329,
respectively. These results indicate that user differentiation arises primarily from cross-
dimensional profile combinations. The resulting ten-dimensional dynamic user profile is
used as the user-side preference input to the XGBoost re-ranking model.

3.2.3. Travel-Context and Consumption Features

Tourism choices are influenced not only by interest preferences but also by travel com-
panions and consumption-related considerations. These factors are therefore incorporated
into dynamic user profiling as travel-context and consumption features.

(1) Travel Context Features
Travel-note expressions are used to identify five travel contexts: couple, family, friends,

parent–child, and solo travel. The identified category is represented through one-hot
encoding and incorporated into the user-side feature vector to distinguish behavioral
preferences under different companion contexts.

(2) Consumption Features
Consumption-related expressions in travel notes are mapped to high, medium, or

low consumption levels. The resulting categorical feature is encoded and included in the
user-side vector to represent differences in tourism expenditure preferences.

Together, the five-dimensional travel-context representation and three-dimensional
consumption representation form the eight contextual features included in the dynamic
user profile Ui.
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3.3. Attraction Profiling Construction

Attraction profiling represents tourism resources through basic, perceptual, and tem-
poral attributes. For attraction j, these attributes form the attraction-side vector Sj. Basic
attributes include administrative rating, historical review popularity, and ticket price; per-
ceptual attributes map attraction reviews to the same ten-dimensional semantic space
used in dynamic user profiling; and temporal attributes describe seasonal intensity, abnor-
mal popularity gain, and anomaly-warning indicator. This organization enables semantic
matching between users and attractions while retaining attraction-specific objective and
temporal information.

3.3.1. Basic Attribute Representation

(1) Rating and Popularity Features
Attraction ratings reflect the fundamental service quality and overall attractiveness

of tourism resources. In this study, attraction administrative ratings (e.g., 5A and 4A)
are extracted as basic attraction attribute features. Meanwhile, the historical cumulative
number of attraction reviews is utilized to characterize attraction popularity. Considering
the large variation in review counts among different attractions, normalization is applied
to the review quantity to reduce the influence of extreme values on model training.

(2) Economic Features
Ticket price is an important constraint factor affecting tourists’ decision-making pro-

cesses. Therefore, official attraction ticket prices are extracted and normalized in this
study. Together with the consumption constraint features in user profiling, this feature is
utilized to characterize the matching relationship between users’ consumption abilities and
attraction consumption levels.

3.3.2. Perceptual Attributes Based on Review Mining

To support direct semantic matching between user interests and attraction characteris-
tics, attraction review texts are mapped onto the same ten interest dimensions defined in
Section 3.2.1 using the corresponding topic-related keywords. These shared dimensions
represent preference-related semantics perceived from attraction reviews, whereas objec-
tive and temporal characteristics are modeled separately through the basic and temporal
attributes. For attraction j, the perceptual attribute score on dimension k is calculated
as follows:

Pj,k = Mj

Mj

∑
n=1

(TermFreqj,n,k × Sentimentj,n) (5)

where Mj denotes the number of reviews associated with attraction j, TermFreqj,n,k denotes
the frequency of topic-related keywords belonging to perceptual dimension k in the n-
th review of attraction j, and Sentimenti,n represents the sentiment polarity score of the
corresponding review, with values ranging from ([−1, 1]).

This procedure converts attraction reviews into ten-dimensional perceptual vectors.
To assess feature differentiation and inter-dimensional redundancy, the vectors of all
62 attractions were examined using descriptive statistics and Spearman correlation analysis.
Table 4 summarizes the distribution of each dimension, while Figure 2a,b present the
corresponding boxplots and correlation matrix.
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Table 4. Descriptive statistics of the attraction perceptual dimensions.

Perceptual Dimension Mean Std. Median IQR

Photography 0.3957 0.3162 0.4265 0.6688
Foodie 0.1756 0.1341 0.1351 0.0360

Shopping 0.4167 0.1323 0.3999 0.0372
Nature 0.1877 0.2169 0.1001 0.1832
History 0.0866 0.1995 0.0036 0.0535

Adventure 0.0215 0.1268 0.0000 0.0047
Relaxation 0.1114 0.1581 0.0912 0.1533

Family 0.1189 0.1915 0.0549 0.1507
Nightlife 0.2060 0.2028 0.1159 0.0690
Luxury 0.1177 0.2011 0.0287 0.0554

 
(a) 

 
(b ( ) c) 

Figure 2. Attraction perceptual feature space: (a) distributions of the ten perceptual dimensions;
(b) Spearman correlation matrix; (c) perceptual profiles of three representative attractions.

As shown in Table 4 and Figure 2a, the ten dimensions exhibit different levels of
concentration and dispersion. Their mean values range from 0.021 to 0.417, while the in-
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terquartile ranges vary from 0.005 to 0.669. Adventure is concentrated near the lower bound
for most attractions, whereas photography exhibits a broader distribution. Figure 2b shows
that the largest off-diagonal Spearman coefficient is 0.681, observed between photography
and relaxation, and all off-diagonal coefficients remain below 0.70. These results indicate
that the dimensions preserve related but non-identical semantic information without severe
inter-dimensional redundancy.

Figure 2c further illustrates the perceptual patterns of three representative attractions.
Attraction 1 shows a relatively high adventure weight, Attraction 2 is mainly associated
with relaxation, and Attraction 3 exhibits a prominent history attribute. These examples
provide an intuitive complement to the overall statistical analysis.

3.3.3. Temporal Attribute Representation in Dynamic Attraction Profiling

Dynamic attraction profiling incorporates three temporal attributes: monthly seasonal
intensity, abnormal popularity gain, and a binary anomaly-warning indicator.

(1) Seasonal Fluctuations
Attraction popularity may exhibit periodic seasonal variations. Monthly review counts

are therefore used to construct the seasonal intensity sequence of attraction j:

Vj =
{

Zj,1, Zj,2, · · ·, Zj,12
}

(6)

where Zj,m denotes the standardized seasonal intensity of attraction j in month m. The
monthly review volumes of each attraction are standardized using their within-attraction
mean and standard deviation, thereby characterizing the relative monthly variation in each
attraction rather than its absolute review volume.

For each user–attraction sample, the seasonal intensity corresponding to the recom-
mendation month is selected and included as one temporal attraction feature.

To statistically examine whether the seasonal intensities differed across months, the
standardized seasonal intensity matrix comprising 62 attractions and 12 months was
analyzed using the Friedman test. Kendall’s W was additionally reported to quantify the
degree of concordance in monthly variation across attractions. Because the Friedman test is
based on within-attraction ranks, row-wise standardization does not alter the ordering of
monthly observations for each attraction.

Figure 3 presents the standardized monthly seasonal intensity patterns of the
62 attractions. The Friedman test revealed an overall difference in seasonal intensity
across the twelve months (χ2(11) = 126.493, p < 0.001), while Kendall’s W was 0.185. The
statistically detectable difference was accompanied by limited concordance in monthly
patterns across attractions, indicating that the timing of seasonal changes was not fully
consistent among attractions. October had the highest average rank (9.702), followed by
August (7.903) and May (7.452), whereas January had the lowest average rank (4.210).
Figure 3a,b further show that the timing and magnitude of seasonal peaks vary across
attractions rather than following a uniform annual pattern.

(2) Abnormal Popularity Gain
In addition to periodic fluctuations, attraction popularity may also be influenced

by factors such as holidays, weather variations, and unexpected events. An abnormal
popularity gain feature is therefore constructed to quantify positive deviations from an
attraction-specific temporal baseline.
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Figure 3. Standardized monthly seasonal intensity patterns of the 62 attractions: (a) S1–S31;
(b) S32–S62.

The review records are first aggregated into weekly review counts. For attraction
j in week t, the moving mean and moving standard deviation are calculated from the
preceding eight weeks, while the current week is excluded from its own rolling baseline.
This implementation prevents the observation being evaluated from affecting its reference
statistics. Subsequently, an abnormal popularity gain index, denoted as Igain

j,t , is defined
as follows:

Igain
j,t =

xj,t − µ
(8)
j,t

σ
(8)
j,t + ε

(7)

where xj,t denotes the weekly review count of attraction j in week t, while µ
(8)
j,t and σ

(8)
j,t

denote the moving mean and moving standard deviation calculated from the preceding
eight weeks, respectively. The small positive constant ε is introduced to avoid division by
zero when the rolling standard deviation approaches zero. A positive value indicates that
the current weekly review volume exceeds its recent baseline, and a larger value represents
a more pronounced positive deviation.

(3) Anomaly-Warning Indicator
To convert abnormal popularity gain into an interpretable binary feature, a one-sided

rolling 3σ rule is applied to identify pronounced positive deviations. When the weekly
review count exceeds moving mean by more than three moving standard deviations, the
warning indicator is assigned a value of 1; otherwise, it is set to 0. The calculation process
is defined as follows:

Ealert
j,t =

1, if xj,t > µ
(8)
j,t + 3σ

(8)
j,t ,

0, otherwise.
(8)

Alternative anomaly detection methods include robust statistical rules based on the
interquartile range or median absolute deviation, as well as unsupervised approaches such
as Isolation Forest and Local Outlier Factor. Although these approaches can accommodate
non-Gaussian or nonlinear anomaly patterns, they require additional parameterization
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or yield scores that are less directly interpretable against an attraction-specific temporal
baseline. The rolling sigma rule was retained because it requires no labeled anomalies and
produces a transparent binary feature based on each attraction’s recent history.

To examine the sensitivity of the anomaly-warning indicator to the threshold setting,
the anomaly detection procedure was repeated using 2.0σ, 2.5σ, and 3.0σ. Review records
were deduplicated and aggregated into weekly counts, and only weekly observations
with valid preceding eight-week baselines were included. A total of 5989 valid weekly
observations were retained for comparison. As shown in Table 5, the three thresholds
identified 433, 342, and 257 abnormal observations, corresponding to anomaly rates of
7.23%, 5.71%, and 4.29%, respectively. The Jaccard overlap with the 3σ anomaly set was
0.594 for 2σ and 0.751 for 2.5σ.

Table 5. Sensitivity of anomaly detection to different rolling sigma thresholds.

Threshold Detected Anomalies Anomaly Rate (%) Jaccard Overlap with (3σ)

2.0σ 433 7.23 0.594
2.5σ 342 5.71 0.751
3.0σ 257 4.29 1.000

The number of detected anomalies decreased as the threshold increased. Compared
with the 2.5σ setting, the 3σ rule reduced the number of flagged observations by 24.85%
while retaining substantial overlap between the two anomaly sets. Therefore, the 3σ

threshold was retained as a conservative criterion for identifying pronounced positive
deviations while limiting the inclusion of minor fluctuations.

Ultimately, the attraction profile vector Sj is constructed through the above procedures,
and its formulation is defined as follows:

Sj = [Bj, Pj, Tj] (9)

where Bj denotes the three-dimensional basic attribute vector, Pj denotes the ten-
dimensional perceptual attribute vector, and Tj denotes the three-dimensional temporal
attribute vector comprising seasonal intensity, abnormal popularity gain, and the anomaly-
warning indicator.

3.4. Event Evolutionary Graph and Path Association Feature Construction

To represent behavioral continuity, an Event Evolutionary Graph was constructed
by organizing users, travel-note scenes, validated visit events, attractions, and emotional
feedback within a unified graph structure. In this study, behavioral continuity refers to
the explicit sequential and co-visitation dependencies linking user i’s previous attraction
visits to candidate attraction j, rather than thematic similarity or physical route proximity.
As illustrated in Figure 4, the graph contains five node types—User, Scene, VisitEvent,
Attraction, and Emotion—and six relation types—PERFORMED, OCCURS_IN, TARGETS,
HAS_EMOTION, NEXT, and CO_VISITED. The VisitEvent–Attraction structure, together
with NEXT relations between VisitEvent nodes and CO_VISITED relations between Attrac-
tion nodes, forms a place-transition network. A path in this network denotes a chain of
behavioral relations connecting historical visit events with a candidate attraction; it is not a
geographic travel route, navigation path, or shortest path in a road network.

The semantic meanings and construction rules of the node and relation types are
summarized in Table 6.
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Figure 4. Node and relation schema of the Event Evolutionary Graph.

Table 6. Node and relation types in the Event Evolutionary Graph.

Category Type Description

Node User Represents a tourist included in the recommendation experiment.

Node Scene Represents a semantically coherent travel-note segment in which tourism
activities occur.

Node VisitEvent Represents a validated attraction visit extracted from a travel note.

Node Attraction Represents a candidate tourism attraction involved in user visits
or recommendations.

Node Emotion Represents the sentiment category associated with a validated visit event.
Relation PERFORMED Connects a User node to a VisitEvent performed by the user.
Relation OCCURS_IN Connects a VisitEvent to the Scene in which the event is described.
Relation TARGETS Connects a VisitEvent to the Attraction visited in that event.
Relation HAS_EMOTION Connects a VisitEvent to its associated Emotion category.

Relation NEXT Connects two adjacent VisitEvent nodes according to their sequence within
the same travel note.

Relation CO_VISITED Connects two distinct Attraction nodes that co-occur in the same travel note;
repeated co-occurrences are aggregated as relation attributes.

The graph connections were generated directly from the validated visit-event records.
PERFORMED, OCCURS_IN, TARGETS, and HAS_EMOTION were created according to
the user, scene, attraction, and sentiment identifiers associated with each event. NEXT was
created between adjacent events after the events within each travel note were ordered by
their recorded sequence. CO_VISITED was created between distinct attractions appearing
in the same travel note, and repeated co-visitation evidence was aggregated at the attraction-
pair level. For feature computation at recommendation time t, only user events and relation
evidence available before t were retained. Within the travel note containing the target event,
a relation was included only when all of its associated events occurred before the target
event position.

After construction, the Event Evolutionary Graph was stored in Neo4j, and Cypher
queries were used to retrieve valid historical paths connecting user i’s previous visits to can-
didate attraction j. PERFORMED and TARGETS were assigned unit weights because they
represent explicit structural connections. The NEXT weight was calculated from the mean
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semantic-extraction confidence of its two adjacent visit events, whereas the CO_VISITED
weight was obtained by logarithmically normalizing the historical co-visitation frequency
of the corresponding attraction pair. OCCURS_IN and HAS_EMOTION were retained
for scene organization and semantic interpretation but were excluded from path-score
calculation. The resulting time-aware relation-weighted path score is calculated as follows:

wNEXT(es, et) =
con f (es) + con f (et)

2
(10a)

where con f (es) and con f (et) denote the semantic-extraction confidence scores of two adja-
cent visit events es and et, respectively.

wCO(a, b, t) =
log[1 + cab(t)]

log[1 + cmax(t)]
(10b)

where cab(t) denotes the historical co-visitation frequency of attractions a and b before
reference time t, and cmax(t) denotes the maximum co-visitation frequency among all
attraction pairs available before t. Logarithmic normalization limits the dominance of
highly frequent attraction pairs while preserving the ordering of co-visitation strengths.

w(p) = ( ∏
r∈p

wr)
1/L(p)

Lij = ∑
p∈Pij(t)

w(p)
L(p)

(10c)

where Pij(t) denotes the set of valid historical paths connecting user i and candidate
attraction j before reference time t, L(p) is the number of relations in path p, wr is the weight
of relation r, and w(p) is the geometric mean of the relation weights along the path.

Accordingly, Lij is a one-dimensional behavioral path association feature rather than
a geographic distance, road-network path, or direct measure of thematic similarity. It is
subsequently concatenated with the dynamic user profile Ui and the dynamic attraction
profile Sj for recommendation re-ranking.

3.5. Integrated Feature Representation and Sample Construction

After constructing the dynamic user profile Ui, dynamic attraction profile Sj, and path
association feature Lij, the three components are concatenated to form the integrated feature
vector Xij:

Xij =
[
Ui ⊕ Sj ⊕ Lij

]
(11)

where Ui contains 18 user-side features, Sj contains 16 attraction-side features, and Lij is a
one-dimensional relation-weighted path feature, yielding a 35-dimensional representation.

Each user–attraction pair is assigned a binary label yij ∈ {0,1}. An observed visit by
user i to attraction j is labeled as a positive sample (yij = 1), whereas an attraction without
an observed visit record for that user is treated as a candidate negative sample (yij = 0). For
each positive sample, three negative samples are randomly selected from the corresponding
user’s unvisited attractions, maintaining a positive-to-negative ratio of 1:3. Although binary
labels are used to train the XGBoost scoring model, the predicted positive-class probabilities
are subsequently used to rank candidate attractions rather than to produce only a binary
recommendation decision. In addition, continuous features are normalized using Min–Max
normalization to reduce numerical differences among different feature scales.
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4. Place-Transition-Aware Tourism Recommendation Model
4.1. Overall Framework of the Recommendation Model

To represent evolving user demands and explicitly incorporate behavioral path asso-
ciations, this study constructs a place-transition-aware tourism recommendation model
integrating dynamic user profiles, dynamic attraction profiles, and a relation-weighted
path feature, as illustrated in Figure 5. The overall framework of the model consists of a
data input layer, a feature learning layer, a feature integration layer, and a recommendation
output layer.

Figure 5. Overall architecture of the place-transition-aware tourism recommendation model in-
tegrating dynamic user profiling, dynamic attraction profiling, path behavior reasoning, and
XGBoost re-ranking.

During the data input stage, the dynamic user profile Ui, dynamic attraction profile Sj,
and path association feature Lij constructed in Section 3 are incorporated into the model. In
the feature integration layer, the three components are concatenated into the 35-dimensional
vector Xij. During model training, XGBoost learns nonlinear interactions among user-side,
attraction-side, and path-association features and estimates the probability that user i will
visit candidate attraction j. Finally, candidate attractions are ranked in descending order
according to their predicted probabilities, and a Top-K recommendation list is generated.

4.2. Model Input Representation and Feature Composition

During model input, the dynamic user profile Ui, dynamic attraction profile Sj, and
path association feature Lij are concatenated to form the 35-dimensional vector Xij, as
defined in Equation (11).

(1) User-Side Vector Ui

The dynamic user profile Ui contains 18 features. The first ten dimensions are the
final dynamic interest scores obtained by combining the long-term and short-term pref-
erence components described in Section 3.2.2. The remaining eight dimensions comprise
the five-dimensional travel-context representation and the three-dimensional consump-
tion representation described in Section 3.2.3. The latter two categorical components are
represented using one-hot encoding.
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(2) Attraction-Side Vector Sj

The dynamic attraction profile Sj contains 16 features: three basic attributes, ten percep-
tual attributes, and three temporal attributes. The basic attributes comprise administrative
rating, normalized historical review popularity, and normalized ticket price. The perceptual
attributes represent attraction-review semantics in the same ten-dimensional interest space
as the dynamic user profile. The temporal attributes comprise monthly seasonal intensity,
abnormal popularity gain, and the binary anomaly-warning indicator.

(3) Path Association Feature Lij

The path association feature is the one-dimensional time-aware relation-weighted path
score derived from the Event Evolutionary Graph. It integrates path length, the semantic-
extraction confidence associated with NEXT relations, and the historically observed co-
visitation strength associated with CO_VISITED relations, using only evidence available
before recommendation time t.

Ultimately, a 35-dimensional comprehensive feature vector is constructed in this study,
and its detailed composition is presented in Table 7.

Table 7. Composition of the 35-dimensional integrated feature vector.

Feature Category Feature Name Dimensions

Ui Dynamic Interest Features 10
Travel-Context and Consumption Features 8

Sj Basic Attributes 3
Perceptual Attributes 10
Temporal Attributes 3

Lij Relation-Weighted Path Score 1

The resulting vector Xij is used as the input to the XGBoost re-ranking model described
in Section 4.3.

4.3. XGBoost-Based Candidate Scoring and Model Interpretation

XGBoost is used as the candidate-scoring model because the 35-dimensional input
vector contains heterogeneous user-side, attraction-side, and graph-derived features whose
interactions may be nonlinear. The ensemble score is expressed as follows:

F(Xij) =
M

∑
m=1

fm(Xij) (12)

where M is the number of trees, fm denotes the m-th regression tree, and Xi,j is the 35-
dimensional feature vector for user i and candidate attraction j.

Model training minimizes the sum of the binary logistic loss and tree-complexity
regularization:

L = ∑
(i,j)∈Dtrain

l(yij, p̂ij) +
M

∑
m=1

Ω( fm) (13)

where Dtrain denotes the training set, yij ∈ {0,1} is the observed visit label, p̂ij is the predicted
visit probability, l() is the binary logistic loss, and Ω( fm) penalizes the complexity of tree
m. The binary logistic loss for sample n is defined as:

l(yij, p̂ij) = −[yij ln p̂ij + (1 − yij) ln(1 − p̂ij)] (14)
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The tree-complexity regularization is defined as:

Ω( fm) = γxgbTm +
1
2

λ
Tm

∑
q=1

w2
m,q (15)

where Tm denotes the number of leaves in tree m, wm,q is the score of leaf q, and the
regularization coefficients penalize excessive tree complexity and large leaf weights.

The trained model is interpreted using a representative decision tree, sample-level
TreeSHAP contributions, and gain-based global feature importance, which respectively il-
lustrate an individual tree structure, the feature contributions to a specific recommendation,
and the overall use of features across the ensemble.

4.4. Candidate Re-Ranking and Top-K Recommendation Generation

For user i and candidate attraction j, the raw ensemble score F(Xij) is converted into a
visit probability:

p̂ij = σ(F(Xij)) =
1

1 + exp[−F(Xij)]
(16)

Given the candidate set, attractions are ranked in descending order of p̂ij, and the
first K items form the Top-K recommendation list. The relation-weighted path score is
not applied as an additional post-processing rule; instead, it enters Xij together with
the dynamic user and attraction profiles and affects the ranking through the learned
XGBoost function.

5. Experimental Results and Analysis
5.1. Parameter Selection

Before optimizing the XGBoost hyperparameters, a sensitivity analysis was conducted
for the temporal decay coefficient β and the long–short-term fusion coefficient γ. The
candidate values were β ∈ {0, 0.001, 0.003, 0.005, 0.01, 0.02, 0.05} and γ ∈ {0, 0.25, 0.5, 0.75,
1.0}, resulting in 35 parameter combinations. All combinations were evaluated on the fixed
training set using five-fold stratified group cross-validation, while feature composition,
data partition, and XGBoost configuration remained unchanged. The test set was not
involved in parameter selection.

The mean cross-validation F1-scores of the 35 combinations ranged from 0.7868 to
0.8015. The numerically highest mean F1-score was obtained at β = 0.005 and γ = 0,
whereas the configuration β = 0.001 and γ = 0.75 achieved a nearly identical F1-score of
0.8011 ± 0.0346, differing by only 0.0004. The latter configuration also yielded a higher
Recall of 0.8423 and a higher ROC–AUC of 0.9237, together with a lower F1 standard
deviation. Considering these results together with the need to retain both long- and short-
term preference components, β = 0.001 and γ = 0.75 were selected as a balanced parameter
setting rather than the uniquely optimal combination.

After fixing the temporal preference parameters, the XGBoost hyperparameters were
selected on the development data without using the test set. The final configuration is
presented in Table 8.

Table 8. Final parameter configuration of the proposed framework.

Hyperparameter Selected Value Function

learning_rate 0.05 Controls the contribution of each
boosting iteration

max_depth 2 Limits the complexity of individual
decision trees
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Table 8. Cont.

Hyperparameter Selected Value Function

n_estimators 80 Specifies the number of boosting trees

min_child_weight 1 Controls the minimum weight required
for a child node

subsample 0.85 Specifies the proportion of training
samples used by each tree

colsample_bytree 0.85 Specifies the proportion of features used
by each tree

5.2. Comparison with Contemporary Recommender Models

The proposed framework was compared with GRU4Rec [39], SASRec [7], BERT4Rec [6],
and LightGCN [40], which represent recurrent, self-attention-based, bidirectional
Transformer-based, and graph collaborative recommendation approaches. All models
ranked the same candidate attractions from an identical candidate pool, and results are
reported as mean ± standard deviation. Table 9 reports the detailed comparison results.

Table 9. The comparison with contemporary recommendation models.

Model Precision@5 Recall@5 F1@5 Precision@10 Recall@10 F1@10

Proposed
framework 0.1629 ± 0.0038 0.8143 ± 0.0188 0.2714 ± 0.0063 0.0879 ± 0.0008 0.8786 ± 0.0075 0.1597 ± 0.0014

GRU4Rec 0.1333 ± 0.0133 0.6667 ± 0.0664 0.2222 ± 0.0221 0.0829 ± 0.0035 0.8286 ± 0.0351 0.1506 ± 0.0064
SASRec 0.1433 ± 0.0118 0.7167 ± 0.0588 0.2389 ± 0.0196 0.0836 ± 0.0051 0.8357 ± 0.0508 0.1519 ± 0.0092

BERT4Rec 0.1529 ± 0.0106 0.7643 ± 0.0532 0.2548 ± 0.0177 0.0905 ± 0.0053 0.9048 ± 0.0526 0.1645 ± 0.0096
LightGCN 0.1057 ± 0.0258 0.5286 ± 0.1289 0.1762 ± 0.0430 0.0667 ± 0.0084 0.6667 ± 0.0840 0.1212 ± 0.0153

The proposed framework achieved the highest numerical Top-5 results and showed
lower variability across random seeds than the four baseline models. BERT4Rec obtained
the highest Top-10 results, whereas the proposed framework ranked second. This pattern
indicates that the proposed framework is competitive for compact recommendation lists
under the current data setting, while BERT4Rec retains an advantage when the list length
is increased.

The bootstrap 95% confidence interval of the proposed framework’s F1@5 was [0.2325,
0.3071]. After Holm correction, its F1@5 was significantly higher than those of SASRec,
GRU4Rec, and LightGCN, with adjusted p-values of 0.0142, 0.0070, and 0.0002, respectively.
The numerical difference from BERT4Rec was not statistically significant (p = 0.0830). At
K = 10, the difference between BERT4Rec and the proposed framework was also not
statistically significant (p = 0.5648).

5.3. Ablation and Path-Sensitivity Analysis

To clarify the complementary roles of the main information sources, four ablation
variants were constructed. Exp1 removed the ten-dimensional dynamic interest features
and ten-dimensional attraction perceptual attributes; Exp2 removed the travel-context,
consumption, and basic attraction attributes; Exp3 removed the three temporal attraction
attributes; and Exp4 removed the relation-weighted path score. All variants used the same
data partitions and XGBoost configuration as the full model. Table 10 presents the ablation
experiment results.
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Table 10. Results of the ablation experiments.

Model Variant Precision@5 Recall@5 F1@5 Precision@10 Recall@10 F1@10

Full Model 0.1629 ± 0.0038 0.8143 ± 0.0188 0.2714 ± 0.0063 0.0879 ± 0.0008 0.8786 ± 0.0075 0.1597 ± 0.0014
Exp1 0.1576 ± 0.0035 0.7881 ± 0.0176 0.2627 ± 0.0059 0.0883 ± 0.0008 0.8833 ± 0.0075 0.1606 ± 0.0014
Exp2 0.1567 ± 0.0057 0.7833 ± 0.0285 0.2611 ± 0.0095 0.0881 ± 0.0000 0.8810 ± 0.0000 0.1602 ± 0.0000
Exp3 0.1586 ± 0.0023 0.7929 ± 0.0115 0.2643 ± 0.0038 0.0883 ± 0.0008 0.8833 ± 0.0075 0.1606 ± 0.0014
Exp4 0.1614 ± 0.0015 0.8071 ± 0.0075 0.2690 ± 0.0025 0.0876 ± 0.0015 0.8762 ± 0.0151 0.1593 ± 0.0027

The full model obtained the highest Precision@5, Recall@5, and F1@5, and removing
any of the four evaluated feature groups produced a numerical decrease in F1@5. In
particular, removing the relation-weighted path feature reduced F1@5 from 0.2714 ± 0.0063
to 0.2690 ± 0.0025. Although the pairwise F1@5 differences did not remain statistically
significant after Holm correction, the consistent Top-5 advantage of the full model indicates
that the framework benefits from complementary information rather than depending on
a single dominant feature group. The relatively small and partly reversed differences at
K = 10 further suggest that the contribution of the integrated features is concentrated near
the front of the recommendation list.

The path feature performs a function that is not fully measured by target-hit-based
Top-K metrics. Precision@K, Recall@K, and F1@K record whether the observed target enters
a recommendation list, but they do not evaluate whether the recommended attractions are
explicitly connected to the user’s historical activities. An additional path-sensitive analysis
was therefore conducted to examine whether the Event Evolutionary Graph provides valid
behavioral evidence and improves the internal behavioral coherence of the ranked list.
Table 11 presents the results of this path-sensitive analysis.

Table 11. Test-set comparison of ranking quality and path-behavior consistency.

Metric Full Model Without Path Holm-Adjusted
p-Value

F1@5 0.2714 ± 0.0063 0.2690 ± 0.0025 1.0000
MRR 0.5870 ± 0.0099 0.5804 ± 0.0084 1.0000
Hit@1 0.4493 ± 0.0189 0.4373 ± 0.0151 1.0000

NDCG@5 0.6095 ± 0.0070 0.6054 ± 0.0071 1.0000
Top-5 path coverage 0.6475 ± 0.0194 0.5997 ± 0.0223 0.00072

Top-10 path coverage 0.4556 ± 0.0073 0.4212 ± 0.0066 0.00030
Top-5 mean path score 0.0928 ± 0.0019 0.0876 ± 0.0017 0.00030
Top-10 mean path score 0.0547 ± 0.0004 0.0519 ± 0.0005 0.00030

Independent examination of the path signal showed that the relation-weighted path
score distinguished observed targets from negative candidates with a ROC–AUC of 0.7811,
and 73.33% of the observed test targets were connected to users’ historical behaviors
through valid graph paths. These results indicate that the extracted paths contain discrimi-
native behavioral information beyond incidental graph connectivity.

After the path feature was introduced into the re-ranking model, F1@5 increased
numerically from 0.2690 ± 0.0025 to 0.2714 ± 0.0063. MRR, Hit@1, and NDCG@5 also
increased numerically, indicating a tendency to place observed or behaviorally associated
targets closer to the front of the recommendation list. The Top-5 path coverage increased by
4.78 percentage points, while the Top-10 path coverage increased by 3.44 percentage points.
The average relation-weighted path strength of the recommended attractions also increased
significantly at both cutoffs. These results indicate that path reasoning provides a modest
contribution to target-hit accuracy while primarily changing the composition of the ranked
list by favoring attractions supported by explicit sequential or co-visitation evidence.
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The two components consequently play different roles: dynamic user and attraction
profiles represent current preference relevance, whereas path behavior reasoning supplies
explicit evidence of behavioral continuity. Their contributions are complementary rather
than interchangeable.

5.4. Recommendation Case and Model Interpretation

The XGBoost re-ranking process was examined using a correctly recommended user–
attraction pair. In this case, the Hubei Provincial Museum was ranked first with a predicted
visit probability of 0.8858. Figure 6 presents a representative decision tree, sample-level
TreeSHAP contributions, and gain-based global feature importance.

Figure 6. Cont.
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Figure 6. Interpretation of the XGBoost re-ranking process: (a) representative decision tree and
the branch sequence traversed by the selected user–attraction pair; (b) sample-level TreeSHAP
contributions; and (c) global feature importance measured by normalized gain.

As shown in Figure 6a, the selected sample passed through two splits based on
seasonal intensity and reached a leaf value of −0.0885. The negative contribution illustrates
that the displayed tree represents only one component of the ensemble rather than the
complete recommendation decision. Figure 6b shows that the relation-weighted path score
made the largest positive contribution to the complete prediction, followed by attraction
administrative rating and review popularity. These variables also appeared among the
influential features in Figure 6c.

6. Discussion
6.1. Methodological Interpretation

The comparison with contemporary recommender models indicates that the proposed
framework and sequence-based methods rely on different forms of evidence. SASRec
and BERT4Rec mainly learn latent dependencies from ordered interactions [6,7], whereas
recent situation-aware research emphasizes users’ current goals, constraints, and envi-
ronmental conditions [31]. The proposed framework extends this perspective by jointly
incorporating dynamic user preferences, changing attraction states, and explicit NEXT and
CO_VISITED relations. Its higher Top-5 values, together with the nonsignificant difference
from BERT4Rec, indicate competitiveness for compact recommendation lists under the
present setting. More importantly, the results show that explicit profile and event-path
features provide a viable alternative to purely latent sequence representations when recom-
mendation relevance and inspectable behavioral evidence need to be considered together.
From a place-based analytical perspective, the framework models the relational topology
of transitions among tourism places. It should not be interpreted as a coordinate-based
GIS model or a metric spatial recommendation method. Rather, it provides a relational
representation of transitions among identifiable tourism places that can complement metric
GIS analyses of distance, accessibility, and route structure.

The profile-related findings are consistent with context-aware tourism studies that in-
corporate situational conditions into personalized cultural-experience recommendation [33].
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The proposed framework differs from predominantly user-centered or context-centered
approaches by representing both sides of the recommendation process. Dynamic user
profiles describe preference evolution and travel context, while dynamic attraction profiles
describe perceptual semantics and short-term attraction states in a corresponding feature
space. Although no single feature group produced an independently significant gain, this
dual-side representation provides a coordinated mechanism for aligning evolving tourist
demands with attraction semantics and temporal availability. The ablation results therefore
support the combined use of these features, although they do not justify attributing the
overall performance to any single module.

Graph-based and temporal knowledge-graph recommenders commonly represent
high-order or time-dependent relations through learned embeddings [25–28]. The Event
Evolutionary Graph instead preserves inspectable event-level paths and converts their rela-
tion strengths into an explicit scoring feature. The path feature produced modest numerical
improvements in both F1@5 and F1@10; in particular, F1@5 increased from 0.2690 ± 0.0025
to 0.2714 ± 0.0063. Although the pairwise F1 differences did not remain statistically signifi-
cant after Holm correction, the relation-weighted path score distinguished observed targets
from negative candidates with a ROC–AUC of 0.7811 and significantly increased path
coverage and mean path strength. These findings indicate that the path feature contributes
modestly to target ranking while also introducing an additional recommendation-quality
dimension: whether highly ranked attractions are supported by explicit sequential or
co-visitation evidence. The TreeSHAP and decision-tree analyses further demonstrate
that this evidence can be examined together with profile and attraction features for an
individual recommendation.

6.2. Practical Implications and Limitations

The framework can be integrated into an existing tourism platform as an interpretable
re-ranking layer without replacing its candidate-generation system. Updated travel notes,
reviews, and validated visit events can refresh the profiles and Event Evolutionary Graph,
while historical paths and feature contributions can support recommendation explanation
and provide supplementary evidence for attraction promotion or visitor-flow monitoring.
This modular design constitutes a practical advantage because it allows semantic, temporal,
and behavioral evidence to be introduced into an existing recommendation workflow with
relatively clear functional boundaries. Nevertheless, the framework depends on sufficient
textual evidence, review histories, and graph connections, and may be less effective for
cold-start users, newly added attractions, or candidates without valid historical paths.
Cross-city transfer, online effectiveness, scalable graph retrieval, broader comparisons
with temporal knowledge-graph and path-reasoning recommenders, privacy, fairness, and
real-time deployment remain to be evaluated [32].

7. Conclusions
This study proposed a place-transition-aware tourism recommendation framework

that integrates dual-side dynamic profiling, Event Evolutionary Graph-based path behavior
reasoning, and XGBoost re-ranking. Dynamic user profiles describe changes in tourist
interests, travel context, and consumption preferences, while dynamic attraction profiles
represent attraction semantics, basic attributes, and temporal states. The relation-weighted
path score represents the topological associations formed by sequential visit transitions
and co-visitation relations among tourism places. These associations are behavioral and
place-based rather than coordinate- or distance-based.

On the Wuhan dataset, the proposed framework achieved the highest Precision@5,
Recall@5, and F1@5 among the evaluated models. Its F1@5 was significantly higher than
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those of GRU4Rec, SASRec, and LightGCN, whereas the difference from BERT4Rec was not
statistically significant. BERT4Rec obtained slightly higher Top-10 results, but the difference
was also not significant. These results show that the proposed framework is competitive
when the recommendation list is relatively short, while its advantage over bidirectional
sequential models remains dependent on the evaluation setting.

The ablation results suggest that dynamic interest, travel-context, consumption, attrac-
tion, and temporal features provide complementary information for candidate ranking, al-
though the contribution of each feature group was not independently significant. Removing
the relation-weighted path feature reduced F1@5 from 0.2714 ± 0.0063 to 0.2690 ± 0.0025.
The path score also achieved a ROC–AUC of 0.7811 and increased Top-5 path coverage from
0.5997 to 0.6475. These findings indicate that the path feature provides a modest numerical
contribution to target ranking while increasing the proportion of recommended attrac-
tions supported by explicit sequential or co-visitation evidence and providing additional
information for interpreting individual recommendations.

The current findings are limited to a moderate-scale offline dataset from a single
city. Further research is needed to examine cross-city transferability, cold-start conditions,
scalable graph retrieval, and online recommendation performance. Within the present
experimental setting, the study provides a feasible way to combine evolving user prefer-
ences, attraction-state information, and explicit behavioral-path evidence in an interpretable
tourism recommendation process.
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