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ABSTRACT

This paper presents an integrated framework for cross-language hotel
review sentiment analysis that combines multi-agent federated
learning with heterogeneous graph attention networks to address
privacy preservation and multilingual data processing challenges in
hospitality reputation management. Our system enables collaborative
model training across distributed review platforms while maintaining
data locality requirements and achieving improved cross-language
sentiment classification performance. Beyond sentiment analysis, we
developed dynamic reputation management and fake review detection
capabilities that enable proactive intervention strategies for hospitality
businesses. The heterogeneous graph architecture captures complex
relationships between multilingual textual content, user behaviors,
temporal patterns, and service attributes through specialized attention
mechanisms. Experimental evaluation on a comprehensive multilingual
dataset of 154,680 reviews across four languages demonstrates
89.7+£0.007 accuracy in sentiment classification with 0.925 privacy
preservation score (Table 6), representing 2.6 percentage point
improvement over the strongest baseline XLM-RoBERTa large
(87.1x0.008 accuracy, paired t-test p=0.002). The dynamic reputation
management component provides real-time monitoring capabilities
with early warning detection, achieving 93.4+0.012 fake review
identification accuracy and 66.2% reduction in response time
compared to traditional centralized approaches (Table 9). The system
offers practical applications for hospitality businesses seeking
proactive reputation management while ensuring compliance with
international data privacy regulations including GDPR and CCPA.
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l. Introduction

The rapid expansion of digital tourism platforms has fundamentally
transformed how travelers share experiences and make
accommodation decisions, with hotel reviews serving as critical
touchstones for consumer choice and industry reputation management
[1]. User-generated content has grown exponentially across
multilingual platforms, presenting substantial opportunities for
understanding customer sentiment patterns while simultaneously
introducing complex challenges in processing and analyzing cross-
language textual data at scale [2]. We observe that contemporary
hospitality businesses increasingly rely on automated sentiment
analysis systems to monitor customer satisfaction, identify service
deficiencies, and maintain competitive positioning in markets where
reputation directly correlates with revenue performance [3]. Recent
advances in large language models and multilingual pre-trained
transformers have opened new possibilities for cross-language
understanding, though their application to domain-specific hospitality
contexts remains underexplored [80]. Contemporary hospitality
businesses increasingly rely on automated sentiment analysis systems
to monitor customer satisfaction, identify service deficiencies, and
maintain competitive positioning in saturated markets where
reputation directly correlates with revenue performance [3]. The
emergence of privacy-preserving machine learning paradigms has
become particularly crucial as international data protection regulations
impose stringent requirements on cross-border data processing in the
tourism industry [81].

1. Limitations of Current Cross-Language Sentiment
Analysis

Existing cross-language sentiment analysis approaches for hospitality
domain applications suffer from significant technical and
methodological constraints that limit their practical deployment
effectiveness. Traditional machine translation-based pipelines
introduce cascading errors through sequential processing stages,
where initial translation inaccuracies compound during subsequent
sentiment classification tasks, resulting in substantial performance
degradation for low-resource language pairs commonly encountered in
international tourism contexts [4]. Domain-specific lexical variations



and cultural expression patterns in hospitality reviews further
exacerbate these limitations, as standard multilingual models fail to
capture nuanced sentiment indicators that are particularly relevant to
accommodation service evaluation [5].

2. Research Background and Technological
Foundations

Multi-agent federated learning represents an emerging paradigm that
addresses privacy constraints and computational distribution
challenges inherent in large-scale sentiment analysis deployments
across geographically distributed hotel chains and review platforms.
This approach enables collaborative model training while preserving
data locality requirements mandated by international privacy
regulations and competitive considerations within the hospitality
industry [6]. Heterogeneous graph attention networks provide
sophisticated architectural foundations for modeling complex
relationships between multilingual textual features, user behavior
patterns, and temporal dynamics that characterize evolving customer
sentiment trends in hospitality service domains

The convergence of these technological approaches offers promising
solutions to longstanding challenges in cross-language sentiment
analysis, particularly when applied to dynamic reputation management
systems that require real-time processing capabilities and adaptability
to shifting linguistic patterns across diverse customer demographics
[7]. Recent advances in attention-based architectures demonstrate
superior performance in capturing semantic relationships across
language boundaries while maintaining computational efficiency
suitable for production-scale hospitality applications [8].

3. Research Motivation and Innovation Framework

This research addresses critical gaps in existing cross-language
sentiment analysis methodologies by proposing an integrated
framework that combines multi-agent federated learning principles
with heterogeneous graph attention mechanisms specifically optimized
for hospitality domain applications. The primary motivation stems from
the inadequacy of current approaches to handle the unique
characteristics of hotel review data, including multilingual diversity,
temporal sentiment evolution, and complex inter-relationships
between textual content, user profiles, and service attributes that
influence overall satisfaction assessments.

Our proposed system introduces several key innovations that
distinguish it from existing solutions: first, a novel multi-agent
architecture that enables distributed learning across heterogeneous



data sources while maintaining privacy preservation requirements;
second, an adaptive heterogeneous graph attention network that
dynamically weights different types of linguistic and contextual
features based on their relevance to sentiment prediction tasks; and
third, an integrated reputation management component that provides
real-time sentiment tracking and early warning capabilities for
hospitality service providers.

4. Main Contributions and Research Significance

The primary contributions of this work encompass both theoretical
advances and practical applications that address fundamental
challenges in cross-language hospitality sentiment analysis. Our
integrated framework demonstrates superior performance compared
to existing baseline approaches while providing enhanced
interpretability through attention visualization mechanisms that reveal
the decision-making process underlying sentiment classifications. The
multi-agent federated learning component enables scalable
deployment across distributed hotel chains while ensuring compliance
with data privacy regulations and reducing computational overhead
through efficient parameter sharing protocols.

Furthermore, our dynamic reputation management system provides
actionable insights for hospitality service providers through real-time
sentiment monitoring, trend prediction, and automated alert
generation when significant reputation risks are detected. The
system’s ability to process muitilingual review content simultaneously
while maintaining high accuracy across diverse language pairs
represents a significant advancement over existing sequential
processing approacnes that suffer from error propagation limitations.

5. Paper Organization and Structure

This paper is organized as follows: Section Il presents a comprehensive
review of related work in cross-language sentiment analysis, multi-
agent federated learning, and graph attention networks, establishing
the theoretical foundation for our proposed approach. Section Il details
the system architecture and methodology, including the multi-agent
framework design, heterogeneous graph construction, and attention
mechanism implementation. Section IV describes the experimental
setup, datasets, and evaluation metrics used to assess system
performance. Section V presents comprehensive experimental results
and comparative analysis with state-of-the-art baseline methods.
Section VI discusses practical implications, system deployment
considerations, and potential applications in real-world hospitality
environments. Finally, Section VIl concludes the paper with a summary



of key findings and directions for future research in this rapidly
evolving domain.

Having established the research motivation and key contributions, we
now review the theoretical foundations that inform our approach. This
review covers three interconnected areas: cross-language sentiment
analysis methodologies that handle multilingual textual data, federated
learning frameworks that enable privacy-preserving distributed
training, and heterogeneous graph neural networks that model
complex relational patterns. Understanding these foundations helps
situate our integrated approach within the broader landscape of
sentiment analysis and distributed machine learning research.

I1. Related Work and Theoretical Foundations

2.1 Cross-Language Sentiment Analysis Technology
Review

Traditional machine learning approaches for sentiment analysis have
evolved from rule-based lexicon methods to scphisticated feature
engineering techniques employing support vector machines and naive
Bayes classifiers [9]. The fundamental sentiment classification task can
be formulated as a mapping function f:X-Y, where X represents the
input text feature space and Y denctes the sentiment label space {

positive,negative,neutral} [10]. Early approaches relied heavily on
manually crafted linguistic features and domain-specific sentiment
dictionaries, which demonstrated reasonable performance within
monolingual contexts but exhibited significant limitations when applied
across different language domains.

Deep learning methodologies have substantially advanced sentiment
analysis capabilities through end-to-end learning architectures that
automatically extract hierarchical textual representations. Recurrent
neural networks and convolutional neural networks have shown
superior performance compared to traditional approaches, with the
sentiment prediction probability typically modeled as P(y|x) = softmax
(Woh + bg), where h represents the learned text representation and
W,.,b, are output layer parameters [11]. Long short-term memory
networks and their variants have addressed sequential dependency
modeling challenges, enabling more accurate capture of contextual
sentiment indicators within complex textual structures [12].

Translation-based cross-language sentiment analysis represents the
most straightforward approach to multilingual sentiment processing,
employing machine translation systems to convert source language



texts into a target language before applying monolingual sentiment
classifiers [13]. The translation-classification pipeline can be expressed

as Y = feent(T(Xsrc)), Where T( - ) represents the translation function
and fient( - ) denotes the sentiment classifier [14]. However, this
approach suffers from error propagation issues where translation
inaccuracies compound during subsequent sentiment analysis stages,
particularly for low-resource language pairs and domain-specific
terminology prevalent in hospitality reviews.

Multilingual pre-trained models have emerged as powerful alternatives
that learn shared representations across multiple languages through
large-scale unsupervised pre-training on diverse multilingual corpora
[15]. Models such as mBERT and XLM-R employ transformer
architectures with cross-lingual masked language modeling objectives,
enabling direct sentiment classification across different languages
without explicit translation steps [16]. The Cross-lingual representation

learning objective can be formulated as Ly y = - S logP(x;|x\j),
where x,\; represents the context excluding the masked token x; [17].
Recent developments in instruction-tuned multilingual models have
demonstrated improved performance on cross-lingual transfer tasks,
particularly for sentiment analysis in specialized domains [82].
Furthermore, parameter-efficient fine-tuning approaches have enabled
more effective adaptation of large multilingual models to resource-
constrained scenarios typical in hospitality applications [83].

Cross-language word embedding techniques provide foundation-level
solutions by learning shared semantic spaces where semantically
similar words from different languages are mapped to proximate
vector representations [18]. The alignment objective for cross-lingual

embeddings typically minimizes the distance between translated word

. . n tgt .
pairs: minwic1||W - x$™ - x;%'||3, where W is the learned

transformation matrix [19]. Advanced approaches employ adversarial
training and optimal transport methods to achieve better cross-lingual
alignment without requiring parallel dictionaries.

Recent advances in large language models have introduced new
possibilities for cross-language understanding through instruction-
following and few-shot learning capabilities [80]. Models such as GPT-4
and multilingual variants demonstrate impressive zero-shot cross-
lingual transfer for sentiment analysis tasks without explicit training on
labeled sentiment data. However, LLM-based approaches face
significant limitations for specialized hospitality applications: they lack
domain-specific sentiment indicators without extensive fine-tuning,
require transmitting sensitive review data to third-party cloud servers
that violates data localization requirements, incur substantial
computational costs for real-time processing with 70B+ parameter



models requiring 40GB+ VRAM, process reviews as isolated text
instances missing critical temporal and relational dynamics, and
cannot detect coordinated manipulation campaigns through behavioral
network analysis [80]. While parameter-efficient fine-tuning
approaches such as LoRA enable adaptation of LLMs to specialized
domains with reduced overhead [83], production hospitality
applications requiring privacy compliance, real-time performance, and
cost efficiency benefit from specialized federated learning
architectures that explicitly model domain attributes through
heterogeneous graph structures.

Despite these advances, current cross-language sentiment analysis
technologies face several persistent challenges including domain
adaptation difficulties, cultural sentiment expression variations, and
computational scalability limitations for real-time applications [20]. The
hospitality domain presents unique challenges due to culturally-
specific service expectations and region-dependent sentiment
expressions that are not adequately captured by general-purpose
multilingual models. Furthermore, existing approaches often fail to
model temporal dynamics and user-specific sentiment patterns that
are crucial for dynamic reputation management systems in the
hospitality industry.

2.2 Federated Learning ana Multi-Agent Systems

Federated learning represents a paradigm shift in distributed machine
learning that enables collaborative model training across multiple
participants without centralizing raw data, addressing fundamental
privacy and scalability challenges in large-scale sentiment analysis
applications [21]. The core federated learning framework involves K

participants, each maintaining a local dataset D, where the global
objective function is formulated as min,, F(w) = Sk_; %Fk(w), with Fy
(w) representing the local loss function for participant k and |[D| =
ZE=1|Dk| [22]. The classical FedAvg algorithm iteratively aggregates

local model updates through weighted averaging: wiy; = ZE=1%WF<+1,

where WF(“ denotes the local model parameters after E local epochs of

training [23].

Multi-agent systems provide sophisticated coordination mechanisms
that extend traditional federated learning by incorporating intelligent
agent behaviors, negotiation protocols, and adaptive collaboration
strategies suitable for heterogeneous data environments [24]. Each
agent i in the multi-agent federated learning framework maintains its
own learning objective L;(w;,D;) while participating in collaborative
knowledge sharing through consensus-based optimization: miny, . w,



SK 1 oiLi(w;,Dy) + AZij|[w; - WJ-II%, where a; represents the agent’s
contribution weight and A controls the consensus regularization
strength [25].

The privacy preservation advantages of federated learning stem from
its ability to maintain data locality while still achieving global model
convergence through cryptographic protocols and differential privacy
mechanisms [26]. The differential privacy guarantee in federated
learning is typically achieved by adding calibrated noise to local
gradients: §, = g, +N(0,02C?I), where C represents the clipping bound

and O is determined by the privacy budget (€,8) [27]. This approach
ensures that individual data samples cannot be reconstructed from
shared model updates while preserving overall learning effectiveness.

Multi-agent collaboration mechanisms demonstrate particular
effectiveness in heterogeneous data environments where different
agents possess varying data distributions, computational capabilities,
and domain expertise [28]. The heterogeneous federated learning

problem can be modeled as a multi-objective optiriiization: miny,,, _w,{
Fi(wq),F2(w3),....Fe(wk)} subject to communication and collaboration

constraints, where each F; represents agent i’s local objective function
adapted to its specific data characteristics [29].

Advanced multi-agent federated learning algorithms employ adaptive
aggregation strategies that account for data heterogeneity through
personalized model components and shared representation learning
[30]. The personalized federated learning objective combines global

where wg represents shared global parameters and w; denotes

personalized local parameters for agent i. This formulation enables
agents to maintain specialized knowledge for their local data
distributions while benefiting from collaborative learning across the
federated network, making it particularly suitable for cross-language
sentiment analysis applications where different agents may specialize
in specific languages or cultural contexts.

2.3 Heterogeneous Graph Attention Network Theory

Graph neural networks have evolved from early spectral approaches to
sophisticated message-passing frameworks that enable effective
learning on irregular graph-structured data, fundamentally
transforming how complex relational information is processed in
machine learning applications [31]. The foundational graph convolution

~ 1o o0 1 ~
operation can be expressed as H(I*1) = G(D'EAD'EH(')W(')), where A =
A + | represents the adjacency matrix with self-connections, D is the



corresponding degree matrix, and W) denotes learnable weight
parameters at layer | [32]. This spectral formulation provides the
mathematical foundation for aggregating neighborhood information
through localized convolution operations on graph structures.

Heterogeneous graph attention networks extend traditional graph
neural networks by incorporating multiple node types and edge
relationships, enabling more nuanced modeling of complex real-world
networks where entities exhibit diverse characteristics and interaction
patterns [33]. The heterogeneous graph is formally defined as G =
(V,E,A,R), where V represents the set of nodes with type mapping
function A:V-A, E denotes the edge set with relation mapping R:E—-R,
and A and R are the node type and relation type sets respectively [34].
The message-passing mechanism in heterogeneous graphs must
account for both semantic and structural heterogeneity through type-
specific transformations and relation-aware aggregation functions.

Attention mechanisms serve as crucial components in heterogeneous
graph networks by enabling adaptive importance weighting of different
node types and relation types when processing multimodal data [35].
The heterogeneous attention coefficient for node pair (i,j) connected by
- T
relation type r is computed as ajj = = ep{LeakyReL{a] (Wi [W:h1) .
TNl exp (LeakyReLU(al [W, h;[|W,h1))
where W, and a, are relation-specific transformation matrix and
attention vector, and N{ represents the neighbors of node i under
relation r [36]. This formulation allows the network to dynamically
focus on the most reievant information sources across different
modalities and reiationship types.

The heterogeneous message aggregation process combines
information from multiple relation types through semantic-level
attention: h{'*1) = o(erR g ZjeN{airj(') Wﬁ')hj(')), where B! represents
the semantic-level attention weight for relation type r at layer | [37]. In
plain terms, the model updates each node’s representation by
aggregating information from its neighbors, where the aggregation
weights are learned to emphasize the most relevant relationships for
sentiment prediction, such as prioritizing user credibility signals over
temporal patterns when appropriate. This hierarchical attention
mechanism enables the model to learn both fine-grained node-level
interactions and coarse-grained semantic relationships, making it
particularly effective for cross-language sentiment analysis
applications where textual, temporal, and user-based relationships
exhibit varying importance.



Heterogeneous graph structures demonstrate significant advantages in
modeling complex relationship networks by explicitly capturing the
diversity of entity types and interaction patterns that characterize real-
world systems [38]. The structural heterogeneity enables specialized
processing pathways for different node types while maintaining global
connectivity through shared embedding spaces, formulated as the

multi-view representation learning objective: L = 3, cy 2¢e0||z, - AGG

({zﬂ,’:u € N?,’})H%, where @ represents the set of meta-paths and z?,’
denotes node embeddings under meta-path ¢.

Optimization algorithms for heterogeneous graph attention networks
typically employ multi-stage training procedures that alternately
optimize attention parameters and node embeddings through gradient-
based methods with specialized regularization terms to prevent
overfitting to dominant node types [39]. The overall optimization
objective combines supervised learning loss with graph regularization:

I—total = Lsup + )\1|—reg + )\2 I—attentionr where I—attention encourages
attention diversity across different relation types and L.4 enforces

smoothness constraints on the learned embeddings within local
neighborhoods.

Building on the reviewed literature, we now present our proposed
system architecture that integrates the complementary strengths of
federated learning for privacy preservation and heterogeneous graphs
for multilingual relationship modeling. Our design addresses the
identified gaps in existing approaches by combining multi-agent
coordination mechanisims with specialized graph attention for cross-
language sentiment analysis.

I1l. System Architecture and Method Design

3.1 Multi-Agent Federated Learning Framework
Design

Our proposed multi-agent federated learning framework addresses the
unique challenges of cross-language sentiment analysis in hospitality
domains by establishing a distributed architecture where autonomous
agents collaborate while preserving data locality and privacy
constraints [40]. In our implementation, each agent corresponds to a
specific platform-language combination: we deploy K=12 agents
organized as 3 agents for English (Booking.com, TripAdvisor, Agoda), 3
for Chinese (Ctrip, Booking.com, Agoda), 3 for French (TripAdvisor,
Booking.com, Hotels.com), and 3 for German (Booking.com,
TripAdvisor, HRS.de). Each agent maintains a local dataset comprising
reviews from its assigned platform-language pair, with dataset sizes



ranging from 8,920 reviews (mixed-code/Agoda) to 15,093 reviews
(English/Booking.com), reflecting real-world heterogeneous data
distributions. The framework architecture, as illustrated in Figure 1,
demonstrates the hierarchical organization of these agents across
linguistic domains and platforms, enabling specialized sentiment

analysis capabilities while maintaining global model coherence through
sophisticated coordination protocols.
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Figure 1. Muiti-Agent Federated Learning Architecture for
Cross-Language Sentiment Analysis. The system comprises K=12
agents distributed across four linguistic domains (English, Chinese,
French, German), each maintaining local hotel review datasets from
specific platform-language pairs (e.g., English/Booking.com,
Chinese/Ctrip). Agents communicate through secure channels to share
encrypted model updates while preserving data locality. The central
coordination mechanism aggregates updates using weighted
averaging based on data quality metrics (Section Ill.1). Differential
privacy noise (€=4.0, 6=10-°) is applied to gradient updates before
transmission to prevent individual review reconstruction.

The communication protocol between agents follows a structured
messaging framework that enables efficient parameter sharing and
consensus building without exposing raw review data [41]. Each agent
A; maintains a local sentiment analysis model M; with parameters 6;,
and participates in federated rounds through secure communication

channels governed by the protocol: MSG(A;,A;) = {Encrypt(A6;),Hash



(AB;), Timestamp}, where A6, represents the local parameter updates
and encryption ensures end-to-end security [42]. The collaboration
mechanism employs a consensus-based approach where agents
negotiate model updates through voting protocols: Vote(A;,A6;) = sign
(sim(6;,06;) - T), with similarity threshold T determining acceptance
criteria.

The mathematical formulation of our multi-agent federated learning
system defines the global optimization objective as a weighted
combination of local agent objectives with consistency constraints:

.....

represents the agent’s contribution weight based on data quality and
quantity, L; denotes the local loss function for agent i, and R(8;) is a
regularization term preventing overfitting [43]. The consistency
constraint ensures model alignment across agents while allowing for
language-specific adaptations through personalized components: 6, =

Bglobal T eipersonah where Og4j0pa1 Captures universal sentiment patterns
and Bp,¢rsonal €ncodes language-specific characteristics.

Privacy protection mechanisms are intearated at multiple levels of the
federation through differential privacy guarantees and secure
aggregation protocols [44]. The local gradient perturbation follows the

Gaussian mechanism: V; = V, +N(0,62C2l), where the noise scale 0 is

calibrated according to the privacy budget (€,8) using the relation 0 =
c\2in(1.25/)

2'”(61'25/6) [45]. Additionally, secure multi-party computation protocols

ensure that individual agent contributions remain confidential during
aggregation: 6,54 = !<=1 Share;(6;), where Share; represents
cryptographic sharing functions that prevent reconstruction of
individual parameters.

The agent selection algorithm employs a multi-criteria decision
framework that evaluates agents based on data quality, computational
capacity, and communication reliability metrics [46]. The selection
score for agent iis computed as: S; = a-Q; + B - C; + Y ' R;, where the
weighting coefficients are set to a=0.4, =0.35, and y=0.25 based on
grid search optimization over the validation set.

The data quality score Q; quantifies the informativeness and
cleanliness of agent i's local dataset, computed as: Q; = 0.5 -

(1 - missing_rate;) + 0.3 - label_confidence; + 0.2 - 1og(|D;|)/109(|Dmax|).
where missing_rate represents the proportion of reviews with
incomplete metadata, label confidence denotes the average
annotation confidence score from the sentiment classifier, and the



third term normalizes dataset size relative to the largest agent dataset.
Values range from 0 to 1, with higher scores indicating better quality.

The computational capacity C; measures the agent’s processing
capability relative to the federation average: C; = min
(1.0,FLOPS;/FLOPS,,4), where FLOPS represents floating-point
operations per second measured during local training. This metric
ensures agents with insufficient computational resources receive lower
selection priority to avoid becoming bottlenecks.

The reliability index R; captures historical participation consistency: R;

successful_rounds;
= = -+ (1 - dropout_rate;), where successful rounds counts
selected_rounds; — -

completed training rounds, selected rounds counts total selection
events, and dropout_rate measures the frequency of mid-round
disconnections. An agent with perfect reliability achieves R; = 1.0. The
dynamic selection mechanism adapts to changing network conditions

through exponential moving averages: S\ = ps*1) + (1 - p)seurrent,
ensuring robust performance under varying operational conditions.

The system parameter configuration details are comprehensively
outlined in Table 1, which presents the key operational parameters
that govern the multi-agent federated learning process. As shown in
Table 1, the configuration encompasseas agent population size, learning
dynamics, communication freguency, and aggregation strategies that
collectively determine system performance and convergence
characteristics.

Table 1. System Parameter Configuration for Multi-Agent
Federated Learning Framework

Parameter Category Parameter Name Value/Range Description

Agent Configuration Number of 8-16 Total
Agents participating
agents across
linguistic
domains

Learning Parameters Learning Rate 0.001-0.01 Adaptive
learning rate
with decay
schedule

Communication Communication 50-200 Federated

Setup Rounds learning
rounds for
convergence

Aggregation Aggregation FedAvg/FedPr Weighted



Parameter Category

Parameter Name

Value/Range

Description

Strategy

Method

OoX

averaging

with
proximity
regularization
Privacy Budget 1.0-8.0 Differential
(€) privacy
parameter
for gradient
perturbation

Fraction of
agents
participating
per round

Privacy Settings

Selection Criteria Agent Selection  0.6-0.8

Ratio

The system was implemented using PyTorch 2.0.1 and FederatedScope
0.3.0, with training conducted on NVIDIA Tesla V100 GPUs (32GB
VRAM). Each agent performed local training with batch size 32, using
the multilingual BERT encoder (bert-base-multilingual-cased, 110M
parameters) with learning rate 2x10-> and 500 warmup steps. For the
heterogeneous graph attention network, we configured 3 layers with 8
attention heads per layer, hidden dimension 256, and dropout rate 0.3.
Optimization employed AdamW with weight decay 0.01, and each
federated round involved E=5 loca! epochs. Differential privacy noise
was added using the Gaussian mechanism with clipping bound C=1.0.
All experiments used 5 randoin seeds (42, 123, 456, 789, 1011) to
ensure statistical robustness, with each configuration trained for
maximum 200 communication rounds or until validation loss plateaued
for 20 consecutive rounds. The aggregation algorithm integrates
contributions from selected agents through an adaptive weighting
scheme that accounts for both data characteristics and model quality
metrics [47].

The weighted aggregation formula is expressed as: 6&;&;. = 2ies, wi(t)

ei‘t“’, where S; represents the set of selected agents at round t, and
(t)
weights are computed using: w'" = _oxp(0”) ity performance
Jiest exp(cbj(t))

metric d)i(t) = log|D;| - B - Iossi(t) [48]. This approach ensures that agents

with higher quality data and better local performance receive
proportionally greater influence in the global model updates, while
maintaining fairness and preventing dominance by any single agent in
the federated learning process. The complete multi-agent federated
training procedure is formalized as follows: Initialize global model
parameters randomly, then for each communication round, select a
subset of agents based on selection ratio, each selected agent



downloads current global parameters and performs local training for E
epochs on its private dataset, applies differential privacy noise to
gradient updates through Gaussian mechanism with calibrated noise
scale, and transmits encrypted parameter updates to the central
server, which then computes adaptive aggregation weights reflecting
both data quantity and model quality before updating the global model
through weighted averaging and broadcasting to all agents for the
next round.

3.2 Heterogeneous Graph Attention Network
Construction

The heterogeneous graph structure for hotel review data is designed to
capture the complex relationships between multiple entity types
including reviews, users, hotels, linguistic features, and temporal
elements that collectively influence sentiment patterns across different
languages [49]. Our graph construction methodology, illustrated in the
comprehensive workflow of Figure 2, demonstrates the systematic
approach for transforming raw multilingual review data into structured
heterogeneous graph representations that enable effective cross-
language sentiment analysis through specialized node types and
relationship modeling.

Raw . Entily Node Type Edge
Review Extiaction Classification Computation
Data

Cross- Feature Edge :
Language Encoding Weight P SIELT;?;:IC
Alignment Computation L

Node Types
Multi- * Review
Modal * User
Construction ° Hotel
» Language
e Temporal

Multi-Modal Graph Construction

Figure 2. Heterogeneous Graph Attention Network
Construction Workflow. The construction process transforms raw



multilingual review data into structured heterogeneous graph
representations through five stages: (1) Data Collection from multiple
platforms and languages, (2) Node Creation with domain-specific
encoders (review nodes: 768-dim BERT embeddings; user nodes: 7-dim
behavioral profiles; hotel nodes: 151-dim service attributes), (3) Edge
Construction using semantic similarity («=0.42), structural importance
via PageRank (B=0.33), and type affinity (y=0.25), (4) Cross-Language
Alignment through linguistic family similarity, embedding similarity
(threshold T=0.62), and dictionary alignment, and (5) Graph Attention
Layer Processing with 3 layers, 8 attention heads per layer, and hidden
dimension 256 for sentiment prediction.

The multi-layer heterogeneous graph attention network architecture
incorporates specialized processing pathways for different node types
while maintaining global connectivity through shared embedding
spaces [50]. The network structure is formally defined as G = (V,E,T,R)
, where V = {V.,V,.Vh.V|,V:} represents the union of review nodes,
user nodes, hotel nodes, linguistic feature nodes, and temporal nodes
respectively. The edge set E encompasses multiple relation types R

= {ryerh M MM} corresponding to user-review, review-hotel, review-
language, review-temporal, and language-language relationships. The
node type function T:V—-{r,u,h,l,t} assigns semantic labels to each
node, enabling type-specific processing within the attention
mechanism.

Node feature extraction mechanisms employ domain-specific encoders
tailored to each node type’s characteristics. Review nodes are
processed through multilingual BERT representations yielding 768-
dimensional vectors from the final layer [CLS] token: h_r~(0) =
BERT(review_text). User nodes are encoded through behavioral profile
vectors (7-dimensional): h_u”(0) = concat([one-hot language
preference (4-dim), historical rating mean and standard deviation (2-
dim), review count (1-dim)]). Hotel nodes are represented by service
attribute embeddings (151-dimensional): h_h"(0) = concat([category
embedding (50-dim), location embedding (100-dim), normalized price
range (1-dim)]) [51]. Linguistic feature nodes capture language-specific

sentiment indicators through cross-lingual word embeddings: hfo) =
CrossLing(language_features), while temporal nodes encode review
timing patterns: héo) = TimeEmbed(timestamp,seasonal_factors).

Edge weight computation integrates semantic similarity and structural
importance through a hybrid scoring mechanism that combines
content-based and topology-based measures [52]. The edge weight

between nodes i and j of types t; and t; is computed as: wj; = a -
SiMsemantic (i h;) + B- StruCtimportance(i,J) Y * typeatrinity (ti,tj), where



semantic similarity employs cosine distance: sim_semantic(h_i, h_j) =
(h_i-h_j)/(J|h_i[|-]|h_j|]), structural importance utilizes PageRank
centrality scores maintained through an incremental update algorithm,
and type affinity captures predefined relationship strengths between
different node types.

PageRank centrality scores in our dynamic graph are maintained
through an incremental update algorithm that efficiently recomputes

centrality when new reviews arrive, formulated as PRy, ;(v) = (1 -d) +

mtl(;);ﬁ;?(u), where d = 0.85 is the damping factor and APR
out

(u) represents the centrality change for node u after graph
modifications. The incremental computation is triggered every 100 new
reviews or every 24 hours (whichever occurs first), reducing
computational complexity from O(|V|+|E|) for full recomputation to
O(k|V|) where k<|V| represents affected nodes. The algorithm
identifies affected nodes through breadth-first search within a 3-hop
neighborhood of modified nodes, achieving 94.3% correlation with full
PageRank while requiring only 12% of computational time.

dXuen;,(v)

The weight coefficients were determined through Bayesian
optimization on the validation set, yielding optimal values of a=0.42,
B=0.33, and y=0.25, which balance sernantic relevance with graph
topology and node type compatibility. Hyperparameter tuning explored
the range [0.1, 0.7] for each coefficient with the constraint
a+B+y=1.0, evaluating 150 configurations through 5-fold cross-
validation on the training set. Sensitivity analysis revealed that a
values between 0.38-0.46 raintained performance within 1% of the
optimal configuration, while B and y showed greater sensitivity to
deviations beyond +0.05 from optimal values.

Language-language edges are constructed using three complementary
strategies to enable effective cross-lingual information propagation.
First, linguistic family similarity assigns edge weights based on
genealogical relationships: Romance languages (French-Spanish)
receive weight 0.85, Germanic languages (English-German) weight
0.78, and inter-family pairs weight 0.40. Second, cross-lingual word
embedding similarity using MUSE-aligned FastText embeddings creates
edges between language pairs when average embedding cosine
similarity exceeds threshold t=0.62, computed over a 5,000-word
common vocabulary. Third, bilingual dictionary alignment using MUSE
English-X dictionaries establishes directed edges with weights
proportional to translation coverage, ranging from 0.71 (English-
French) to 0.58 (English-Chinese). The final language-language edge
weight combines these components through weighted averaging: w_II’
= 0.3-w_family + 0.45-w_embedding + 0.25-w_dictionary, ensuring
robust cross-language information propagation even when individual



alignment signals are weak. The cross-language node embedding
learning algorithm addresses the fundamental challenge of aligning
semantic representations across different linguistic domains through
adversarial training and contrastive learning objectives [53].

The embedding alignment loss is formulated as: Lajign = X(vi.v%)ep]|

Zy, - z\,j||§ + AXvpee max(0,6 -1|zy, - z\,k||§), where P represents cross-
language node pairs with equivalent semantic meanings, z, denotes
node embeddings, and the contrastive term ensures separation from
negative samples with margin 8. The adversarial component
introduces a discriminator network D that attempts to classify node
embeddings by language: Lyqy = - 2yevlogD(z,,l,), where |,
represents the language label, forcing the encoder to learn language-
invariant representations.

The heterogeneous graph convolution is defined as: h{** = o
1
Nagar,
under relation r, d{, denotes the degree of node Vv for relation r, and

W(r') is the relation-specific weight matrix at layer |. This formulation
ensures that information aggregation respects both structural and
semantic heterogeneity inherent in the multilingual review data.

2rcR 2UEN' W(r')hﬂ) , where N, represents neighbors of node v

The network hierarchy structure is comprehensively detailed in Table
2, which outlines the multi-layer architecture and attention head
configurations that govern information processing across different
semantic levels. As presented in Table 2, the hierarchical design
enables progressive refinement of node representations through
specialized attention mechanisms tailored to each layer’'s semantic
focus.

Table 2. Network Hierarchy Structure for Heterogeneous Graph
Attention Network

Network Layer Node Types Processed Attention Heads
Input Layer Review, User, Hotel, 1
Language, Temporal
Feature Extraction Review (Text), User 4
(Profile), Hotel (Attributes)
Cross-Language Review, Language, Cross- 6
Alignment lingual Pairs

Semantic Fusion All Node Types with Inter- 8
type Relations



Network Layer Node Types Processed Attention Heads

Output Layer Review (Sentiment), Hotel 2
(Reputation Score)

The attention fusion strategy combines multiple attention heads
through learned importance weights and residual connections to
capture diverse semantic relationships simultaneously [55]. The multi-

head attention output for node Vv is computed as: MultiHead(v) =
concat(heady,...,headc)W®, where each attention head head, =
Attention(Qy,Ky,Vi) processes different semantic aspects. The
attention weights are calculated using: aff =

exp(LeakyReLU(af W hi||W,h;1))
Smen; exp (LeakyReLU(al[Wih;[|[Wihm]))’
for head k.

where a,, Wy are learned parameters

Network parameter optimization employs adaptive learning rate
scheduling and gradient clipping to ensure stable convergence across
the heterogeneous architecture [56]. The complete heterogeneous
graph construction procedure operates as follows: we first create typed
nodes for all reviews, users, hotels, languages, and temporal entities
with domain-specific feature encoders (review nodes use multilingual
BERT 768-dim representations, user nodes encode 7-dim behavioral
profiles, hotel nodes embed 151-dirn service attributes, and language
nodes capture cross-lingual features). Second, we establish edges with
computed weights between ncde pairs, including user-review edges
with unit weight, review-hotel edges connecting reviews to properties,
review-language edges hased on detected language, and review-
temporal edges encoding timestamps. Third, we construct cross-
language alignmernt edges between language node pairs using the
three strategies described above (linguistic family similarity,
embedding similarity with threshold 0.62, and dictionary alignment),
with final edge weights w_II' = 0.3-w_family + 0.45-w_embedding +
0.25-w_dictionary. Fourth, we compute PageRank centrality scores
through the incremental update algorithm triggered every 100 new
reviews or every 24 hours by identifying affected nodes through
breadth-first search within 3-hop neighborhood and recomputing
centrality with PR_{t+1}(v) = (1-d) + d3>_{u€N_in(v)} [PR_t(u) +
APR(u)] / IN_out(u)| where damping factor d=0.85, achieving 94.3%
correlation with full PageRank while requiring only 12% computational
time.

The optimization objective combines supervised sentiment
classification loss with graph regularization terms: Liotal = Lsentiment T

-5, . 2
al—graph_reg + BI—attention_reg: where I—graph_reg - Z(I.J)EE Wijllhi - hj||2
enforces smoothness constraints, and Lattention reg = SK_1H



(attention_weights,) promotes attention diversity through entropy
maximization. Hyperparameter optimization utilizes Bayesian
optimization with Gaussian process priors to efficiently explore the
high-dimensional parameter space, with acquisition function: a(x) = 4
(x) + Ko(x), balancing exploitation and exploration during the search
process. The heterogeneous graph construction algorithm operates as
follows: First, create typed nodes for all reviews, users, hotels,
languages, and temporal entities with domain-specific feature
encoders, where review nodes use multilingual BERT representations,
user nodes encode behavioral profiles, hotel nodes embed service
attributes, and language nodes capture cross-lingual features. Second,
establish edges with computed weights between node pairs, including
user-review edges with unit weight, review-hotel edges connecting
reviews to properties, review-language edges based on detected
language, and review-temporal edges encoding timestamps. Third,
construct cross-language alignment edges between language node
pairs using three complementary strategies: linguistic family similarity
assigns weights based on genealogical relationships with Romance
languages receiving weight 0.85 and inter-family pairs receiving
weight 0.40, cross-lingual word embedding similarity using MUSE-
aligned FastText embeddings creates edges when average cosine
similarity exceeds threshold 0.62 computed over a 5000-word common
vocabulary, and bilingual dictionary alignment using MUSE English-X
dictionaries establishes directed edges with weights proportional to
translation coverage ranging from 0.71 for English-French to 0.58 for
English-Chinese, with final language-language edge weights combining
these components through weighted averaging as 0.3 times family
weight plus 0.45 times embedding weight plus 0.25 times dictionary
weight. Fourth, compute PageRank centrality scores through
incremental update algorithm triggered every 100 new reviews or
every 24 hours by identifying affected nodes through breadth-first
search within 3-hop neighborhood and recomputing centrality with

formula PRy, 1(v) = (1 -d) + dZueNm(v)W where damping

factor d equals 0.85, achieving 94.3% correlation with full PageRank
while requiring only 12% of computational time and reducing
complexity from O(|V|+]|E|) to O(k|V|) where k represents affected
nodes much smaller than total nodes.

3.3 Dynamic Reputation Management Algorithm

The time-series based dynamic reputation evaluation model
incorporates temporal dependencies and evolving sentiment patterns
to provide accurate and responsive reputation assessments for
hospitality establishments across multilingual review platforms [57].
We operationally define “real reputation changes” through three event



categories: (1) Major negative events occur when negative review
proportion increases by =50% over a 3-day rolling window compared
to the 30-day baseline, (2) Service quality improvements are identified
when positive sentiment ratio increases by =20% sustained over 7
consecutive days, and (3) Crisis events trigger when daily negative
review volume exceeds the historical mean by 3 standard deviations
(z-score >3.0). The 3.2-day early warning lead time was computed
across 423 verified reputation change events in our validation set,
measuring the temporal gap between system alert generation (when
LSTM-based prediction model forecasted p(reputation_change)>0.75)
and the actual event materialization (when human experts confirmed
the change met threshold criteria), yielding mean lead time of 3.2+0.8
days (95% ClI: [3.05, 3.35]). The temporal reputation model is

formulated as a state-space representation: Ry = ¢R..; + 6S; + €4,

where R; represents the reputation score at time t, ¢ denotes the
persistence parameter capturing reputation momentum, S; is the
sentiment-weighted review impact, and €; accounts for stochastic
fluctuations in reputation dynamics.

This autoregressive formulation enables the system to capture both
long-term reputation trends and short-termi sentiment variations while
maintaining stability against isolated negative events.

The reputation score calculation mechanism integrates multiple review
quality indicators through a weighted aggregation framework that
accounts for reviewer credibility, sentiment intensity, and temporal
recency [58]. The comprehensive reputation update formula is

expressed as: Rpew = QRcyrrent + (1 - )31 w; * ¢ - s; * f(t), where w;
represents the weight of review i, ¢; denotes reviewer credibility score,
s; is the sentimeant score, and f(t;) = e Mtowt) implements exponential
temporal decay with rate A. The momentum parameter o controls the
balance between historical reputation and new review impacts,

enabling adaptive responses to changing service quality while
preventing excessive volatility from individual reviews.

Anomaly detection algorithms employ statistical process control
methods combined with machine learning techniques to identify
suspicious review patterns and potential manipulation attempts [59].
The anomaly detection score for a review cluster is computed using

the Mahalanobis distance: Accore = \I(x - W)TZ(x - n), where x
represents the feature vector including review timing, sentiment
distribution, linguistic characteristics, and user behavioral patterns,

while 4 and 2 are the mean and covariance matrix of normal review
patterns. Reviews exceeding the threshold Agcore = xg,a trigger further
investigation through ensemble classification methods combining



temporal clustering, sentiment inconsistency detection, and reviewer
network analysis.

The fake review identification algorithm integrates multiple detection
layers including linguistic analysis, behavioral pattern recognition, and
network-based anomaly detection to achieve robust performance
across different manipulation strategies [60]. The stylometric feature
set (Ljinguistic) comprises: (1) lexical richness measured by type-token
ratio (TTR) and Yule’s K statistic, (2) syntactic complexity including
average sentence length (u=18.3 words for genuine reviews),
sentence length standard deviation (0=7.6), and subordinate clause
frequency, (3) function word distribution analyzing relative frequencies
of determiners (the, a, an), conjunctions (and, but, or), and
prepositions (in, on, at), (4) punctuation usage patterns tracking
exclamation mark density (fake reviews: 3.2 per 100 words

vs. genuine: 0.8 per 100 words), and (5) capitalization anomalies
detecting all-caps words and irregular case patterns. The behavioral
graph is constructed with nodes representing reviewers and edges
created when two reviewers: (1) review the same hotel within a 6-hour
time window (edge weight w=0.8), (2) exhibit similai rating patterns
with Pearson correlation p>0.75 across multipie hotels (w=0.6), or (3)
share overlapping vocabulary with Jaccard similarity >0.65 (w=0.5).
Graph topology features extracted include clustering coefficient (fake
reviewer networks: u=0.73 vs. genuine: u=0.18), betweenness
centrality, and degree distribution skewness. The anomaly detection
threshold for authenticity score was optimized via ROC curve analysis
on a validation set of 2,847 reviews (1,423 confirmed fake reviews
from Yelp Challenge Dataset and 1,424 verified genuine reviews),
selecting threshcio t=0.72 that maximizes Fl-score (0.89) while
maintaining false positive rate below 6%.

The anomaly detection threshold for authenticity score was optimized
via ROC curve analysis on a validation set of 2,847 reviews (1,423
confirmed fake reviews from Yelp Challenge Dataset and 1,424 verified
genuine reviews), selecting threshold t=0.72 that maximizes F1-score
(0.89) while maintaining false positive rate below 6%. The gold
standard for evaluation was established through three complementary
sources providing 2,882 total labeled reviews: first, 1,423 verified fake
reviews from the publicly available Yelp Challenge Dataset with
confirmed manipulation labels; second, 847 reviews manually verified
by three independent domain experts including hospitality managers
with 5+ years industry experience who underwent standardized
annotation training, achieving inter-rater reliability Cohen’s kappa of
0.86; third, 612 reviews officially flagged and removed by platform
administrators from Booking.com and TripAdvisor through their
internal fraud detection systems, obtained through data sharing
agreements. The comprehensive authenticity score combines multiple



indicators: Auth_score = BiL_linguistic + B2B_behavioral + BsN_network
+ B4T_temporal with learned weights 1=0.28, B2=0.31, B3=0.26,
B2=0.15, where L_linguistic captures writing style inconsistencies
through stylometric analysis, B_behavioral identifies unusual reviewer
activity patterns, N_network detects coordinated manipulation through
graph-based clustering, and T_temporal recognizes suspicious timing
patterns in review submissions. The training set included 3,680 labeled
samples with known attack patterns (coordinated campaigns,
individual fakes, competitor sabotage) to enhance detection
robustness, with SMOTE oversampling addressing class imbalance
(fake:genuine ratio adjusted from 1:8 to 1:2 in training).

The reputation decay and recovery strategy implements asymmetric
temporal dynamics that reflect realistic consumer behavior patterns
where negative experiences have more immediate impact than
positive ones, while recovery requires sustained positive performance
[61]. The decay function follows a power-law distribution: D(t) =

(1 + t/T)® for negative events, while recovery employs exponential
growth: R(t) = 1 - e¥*r, where T and T, represent decay and recovery
time constants respectively, and B > 1 ensures rapid initial decay
followed by gradual stabilization.

The multi-dimensional reputation indicator system encompasses
various aspects of service quality ana customer satisfaction, with
weights optimally allocated based on their predictive power for future
customer behavior and business performance. Table 3 presents the
comprehensive weight allocation scheme that governs the relative
importance of different reputation components, enabling balanced
assessment across multiple service dimensions while maintaining
sensitivity to critical quality indicators.

Table 3. Reputation Indicator Weight Distribution for Multi-
Dimensional Assessment

Reputation Indicator Weight Value Description
Sentiment Consistency 0.25 Alignment
between

sentiment scores
across languages
and time

Review Frequency Pattern 0.15 Temporal
distribution and
volume stability
of reviews

User Historical Credibility 0.20 Reviewer
authenticity and



Reputation Indicator Weight Value Description

historical rating

patterns
Service Category 0.12 Domain-specific
Performance service quality

indicators
Response Quality Metrics 0.10 Management

response

timeliness and
appropriateness

Cross-Platform Correlation 0.08 Consistency
across different
review platforms

Seasonal Adjustment Factor 0.06 Temporal
variation
compensation for
seasonal effects

Geographic Consistency 0.04 Regional
sentiment pattern
alignment

As shown in Table 3, sentiment consistency receives the highest
weight due to its central role in cross-language reputation assessment,
while user historical credibility serves as a crucial authenticity indicator
[62]. The weight distribution reflects empirically validated relationships
between different indicators and their predictive accuracy for business
outcomes, ensuring that the reputation system provides actionable
insights for hospitality management decision-making.

The real-time monitoring and early warning system employs
continuous stream processing algorithms that analyze incoming
reviews and update reputation scores with minimal latency while
triggering appropriate alerts when significant reputation threats are
detected. The dynamic reputation update procedure operates as
follows: for each new review, we extract sentiment score from
heterogeneous graph network output, compute reviewer credibility
score based on historical patterns, and calculate temporal decay factor
as exp(-A-time_difference). Next, we perform anomaly detection by
extracting stylometric features (TTR, Yule’s K, average sentence length
18.3+7.6 words, function word distribution, exclamation mark density,
capitalization patterns), constructing behavioral graph with edges for
same-hotel reviews within 6-hour window (w=0.8), similar rating
patterns with Pearson p>0.75 (w=0.6), or vocabulary overlap Jaccard
>0.65 (w=0.5), and extracting graph topology features (clustering
coefficient 0.73 for fake vs. 0.18 for genuine networks, betweenness



centrality, degree distribution skewness). We compute comprehensive
authenticity score as 0.28-L _linguistic + 0.31:B_behavioral +
0.26-N_network + 0.15-T _temporal. If authenticity score falls below
threshold 0.72, we flag review as suspicious and return current
reputation without update; otherwise, we calculate review impact as
review_weight x credibility score x sentiment_score X
temporal_decay, update reputation as a-current_reputation + (1-
a)-impact, and trigger high severity alert if |new_reputation -
current_reputation| > 30_historical indicating major events (negative
review proportion =250% increase over 3-day window, positive
sentiment =20% increase sustained 7 days, or daily negative volume
exceeding mean by 3 standard deviations). The warning threshold is

dynamically adjusted using control charts: UCL; = R; + 30, LCL; = R;

- 30:, where R; and o; represent the moving average and standard
deviation of reputation scores respectively. Alert severity levels are

computed using: Severity = max(o,%- 1), enabling graduated

response protocols that range from automated notifications for minor
fluctuations to immediate management alerts for severe reputation
crises requiring urgent intervention.

IV. Experimental Results and Analysis

4.1 Dataset Construction and Preprocessing

The multilingual hotel review dataset encompasses comprehensive
review collections from major hospitality platforms across four primary
languages: English, Chinese, French, and German, representing
diverse linguistic and cultural perspectives essential for robust cross-
language sentiment analysis evaluation [63]. Our data collection
methodology employed automated web scraping techniques combined
with platform-specific APIs to gather hotel reviews from Booking.com,
TripAdvisor, Agoda, and Ctrip during the period from January 2020 to
December 2024, ensuring broad coverage of hospitality service
domains while maintaining ethical data usage compliance and
respecting platform terms of service. The data cleaning process
involved multiple stages: first, duplicate detection based on review
text similarity (threshold=0.95) and user-timestamp pairs removed
8,423 redundant entries; second, spam filtering using keyword-based
rules and review length constraints (minimum 20 characters)
eliminated 3,156 low-quality reviews; third, missing value handling
retained only reviews with complete metadata including rating,
timestamp, and language identification. Platform sources were
distributed as follows: English reviews primarily from Booking.com
(65%) and TripAdvisor (35%), Chinese reviews from Ctrip (78%) and



Booking.com (22%), French reviews from TripAdvisor (58%) and
Booking.com (42%), and German reviews from Booking.com (71%) and
TripAdvisor (29%).

The annotation process utilized a hybrid approach combining
automated sentiment labeling through pre-trained multilingual
sentiment classifiers with human expert validation to ensure
annotation quality and cross-language consistency [64]. Three
professional annotators with native proficiency in each target language
were recruited and trained through a standardized protocol including
sentiment definition guidelines, domain-specific examples, and inter-
annotator calibration sessions. Each review was assigned sentiment
labels using a three-class taxonomy Y = {positive, negative, neutral},
with annotation confidence scores computed as C_anno = max_i
P(y_i|x) where P(y_i|x) represents the classifier’'s probability
distribution over sentiment classes. Quality control measures included
inter-annotator agreement assessment using Cohen’s kappa coefficient
(k=0.847 for English, k=0.823 for Chinese, k=0.861 for French,
k=0.838 for German), indicating substantial agreement across all
languages. Systematic validation of automated annctations through
stratified sampling involved human review of 5% of automatically
labeled reviews (7,734 samples), with disagreements resolved through
majority voting among three independent annotators. Reviews with
annotation confidence below 0.70 were automatically flagged for
mandatory human verification, ensuring high-quality labeled data for
model training.

Each review was assigned sentiment labels using a three-class
taxonomy Y = {positive,negative,neutral}, with annotation confidence
scores computed as Canno = Max;P(yi|x) where P(y;|x) represents the
classifier’s probability distribution over sentiment classes. Quality
control measures included inter-annotator agreement assessment
using Cohen’s kappa coefficient (k=0.847 for English, k=0.823 for
Chinese, k=0.861 for French, k=0.838 for German), indicating
substantial agreement across all languages. Systematic validation of
automated annotations through stratified sampling involved human
review of 5% of automatically labeled reviews (7,734 samples), with
disagreements resolved through majority voting among three
independent annotators. Reviews with annotation confidence below
0.70 were automatically flagged for mandatory human verification,
ensuring high-quality labeled data for model training.

The distribution characteristics of our multilingual dataset demonstrate
balanced representation across languages and sentiment categories,
as illustrated in Figure 3, which provides comprehensive visualization
of the dataset composition and reveals important patterns in review
volume, sentiment distribution, and temporal coverage across different



linguistic domains. Figure 3 demonstrates the relative proportions of
each language subset and highlights the careful balance maintained
between positive and negative sentiment examples to prevent
classification bias during model training and evaluation phases.

Multilingual Hotel Review Dataset Distribution and Statistical Analysis
Total Reviews by Language Sentiment Distribution by Language
1.0

40000 38,760 0.8

eviews

‘B 30000 0.6

200004 04

Number of R
Sentiment Ratio

10000 0.2 4

0.0
English Chir‘lese French German Mixed Code

Average Text Length by Language Dataset Summary Statistics
160 4 156.2 @ Positive  mmm Negative mmm Neutral
142.8

140 127.3 F‘lcv) Value
120 Total Dataset Sizc 154,680
% 10 - a4 LaageoRgeferea 5
5 a0 Ava Reviews/language 30,936
% By ;31‘ ﬁus]‘ﬁve Ratio 0.42
E 60 [ Overall Negative Ratio 0.38

40 ‘ | Overall Neutral Ratio 0.20

20 4

(}\‘;\\ ‘\é’z (ée\\ @\t@ ,pbe‘
& & < & 4

Figure 3. Multilingual Hotel Review Dataset Distribution and
Statistical Anaiysis. (Left panel) Language distribution showing
balanced representation across English (29.3%, 45,280 reviews),
Chinese (25.1%, 38,760 reviews), French (20.8%, 32,140 reviews),
German (19.1%, 29,580 reviews), and mixed-code reviews (5.8%,

8,920 reviews). (Right panel) Sentiment class distribution
demonstrating relatively balanced positive (42%), negative (38%), and
neutral (20%) examples across all languages to prevent classification
bias during model training. The dataset maintains temporal coverage
from January 2020 to December 2024, with careful stratification across
training (70%, 108,276 reviews), validation (15%, 23,202 reviews), and
test sets (15%, 23,202 reviews) using temporal holdout splitting.

Cross-platform isolation ensures reviews for the same hotel entity on
different platforms remain within the same split to prevent data
leakage, while cross-entity isolation ensures hotels in test set (577

properties) do not appear in training or validation sets (3,270
properties total).



The dataset was partitioned using temporal holdout splitting to ensure
realistic evaluation of model performance on future data. Table 4
presents the complete dataset split configuration with strict temporal
and entity isolation. Training set covers January 2020 through
December 2023 containing 108,276 reviews (70% of total data)
including 31,696 English, 27,132 Chinese, 22,498 French, 20,706
German, and 6,244 mixed code reviews across 2,693 unique hotel
entities. Validation set spans January 2024 through June 2024
containing 23,202 reviews (15%) with 6,792 English, 5,814 Chinese,
4,821 French, 4,437 German, and 1,338 mixed code reviews across
577 hotels. Test set covers July 2024 through December 2024 with
identical distribution as validation set across 577 different hotel
properties. Cross-platform isolation was strictly enforced such that
reviews for the same hotel entity appearing on different platforms
were constrained to remain within the same split to prevent data
leakage. Cross-entity isolation ensured that hotels in the test set did
not appear in training or validation sets, with 3,847 unique hotel
properties distributed across splits to evaluate generalization to
unseen properties.

Table 4. Dataset Split Configuration ana Teinporal Isolation
Details

Total Mix

Time Revie ed Hotel

Peri ws Eng!i Chine Fren Germ Cod Entiti
Split od (%) sh se ch an e es
Trainin  Jan 108,27 31,69 27,13 22,49 20,70 6,24 2,693
g 2020 6 6 2 8 6 4

- Dec (70%)

2023
Validati Jan 23,202 6,792 5,814 4,821 4,437 1,33 577
on 2024 (15%) 8

- Jun

2024
Test Jul 23,202 6,792 5,814 4,821 4,437 1,33 577

2024 (15%) 8

- Dec

2024

The comprehensive dataset statistics are presented in Table 5, which
details the quantitative characteristics of each language subset
including review volumes, sentiment distribution ratios, and textual
properties that collectively demonstrate the dataset’s suitability for
cross-language sentiment analysis research. Table 5 reveals the
balanced distribution maintained across language groups while



highlighting language-specific characteristics such as average review
length and sentiment expression patterns that influence cross-
language model performance.

Table 5. Multilingual Hotel Review Dataset Statistical Summary

Total Positive Negative Neutral Avg Text
Language Reviews Ratio Ratio Ratio Length
English 45,280 0.42 0.38 0.20 127.3
Chinese 38,760 0.45 0.35 0.20 89.6
French 32,140 0.40 0.40 0.20 142.8
German 29,580 0.43 0.37 0.20 156.2
Mixed 8,920 0.41 0.39 0.20 98.4
Code
Total 154,680 0.42 0.38 0.20 122.9

Cross-language alignment and standardization employed semantic
similarity matching and translation validation to establish
correspondence relationships between equivalent concepts across
different languages, enabling effective evaluation of cross-language
model performance [67]. The alignment guaiity was measured using
bilingual semantic similarity scores and validated through human
expert assessment of translation accuracy and semantic preservation.
Dataset validation confirmed representative coverage of hospitality
service domains, balanced sentiment distributions, and adequate
sample sizes for statistical significance in experimental comparisons,
establishing the foundation for comprehensive evaluation of our
proposed multi-agent federated learning framework and
heterogeneous graph attention network approach.

With the dataset construction and preprocessing completed, we now
present comprehensive experimental results evaluating our proposed
approach against multiple baseline methods. The evaluation
encompasses both quantitative performance metrics and qualitative
analysis to provide a thorough assessment of system capabilities and
limitations.

4.2 Model Performance Evaluation and Comparison

Our comprehensive experimental evaluation framework encompasses
multiple baseline comparison models including traditional machine
learning approaches, deep learning architectures, and state-of-the-art
cross-language sentiment analysis methods to establish rigorous
performance benchmarks across diverse operational scenarios [68].
The baseline models include Support Vector Machines with TF-IDF
features, multilingual BERT variants, XLM-RoBERTa, translation-based



pipelines using Google Translate combined with monolingual
classifiers, and conventional federated learning approaches without
heterogeneous graph components. Each model was trained and
evaluated using identical data splits and hyperparameter optimization
procedures to ensure fair comparison and statistical significance of
performance differences.

Performance metrics encompass standard classification measures
including accuracy, precision, recall, and Fl-score, complemented by
cross-language consistency measures and computational efficiency
indicators [69]. The macro-averaged F1 score serves as the primary

. . 2-P
evaluation metric, computed as: Flacro = ZEL 3 -:-R , where P, and

L]
R, represent precision and recall for language | respectively. Cross-
language performance consistency is quantified using the coefficient of
variation: CV = S— where of; and Pg; denote the standard deviation

and mean F1 scores across languages.

The comparative performance analysis demonstrates substantial
improvements achieved by our proposed multi-agent federated
learning framework with heterogeneous graph attention networks
across all evaluation metrics and Iangucbe cornbinations. Table 6

provides detailed quantitative comparisons across multiple baseline
approaches, revealing consistent performance gains that validate the
effectiveness of our integrated architectural design and algorithmic
innovations.

Table 6. Comprehensive Performance Comparison Across

Baseline Models and Languages

Cross- Priv
Lang acy
Accurac Precisio Fl- Consist Scor
Model Yy n Recall Score ency e
SVM-TF- 0.742+0 0.738+0. 0.741+0. 0.739+0. 0.156 0.00
IDF .018 021 019 017 0
MBERT 0.823+x0 0.819+0. 0.825+0. 0.822*+0. 0.089 0.00
(base) .012 014 011 012 0
XLM-R 0.856+0 0.851+0. 0.859+0. 0.855+0. 0.067 0.00
(base) .009 011 010 009 0
XLM-R 0.871+0 0.867+0. 0.874+0. 0.870x0. 0.059 0.00
(large) .008 009 008 008 0
MT+BER 0.798+0 0.794+0. 0.801+0. 0.797+0. 0.124 0.00
T .016 018 015 016 0

(Google)



Cross- Priv
Lang acy
Accurac Precisio Fl- Consist Scor

Model Yy n Recall Score ency e
MT+BER 0.812+0 0.808+0. 0.815+0. 0.811+0. 0.108 0.00
T .014 016 013 014 0
(Deepl)
FedAvg+ 0.834+0 0.829+0. 0.837+0. 0.833+0. 0.098 0.75
BERT .011 013 010 011 0
FedProx 0.841+0 0.836+0. 0.844+0. 0.840+0. 0.091 0.76
+BERT .010 012 009 010 8
GraphSA 0.848+x0 0.844+0. 0.851x0. 0.847x0. 0.078 0.00
GE .010 011 009 010 0
HAN- 0.862+0 0.857+0. 0.865+0. 0.861+0. 0.072 0.00
Basic .009 010 008 009 0
Our 0.897+ 0.893x 0.899x 0.896x 0.043 0.92
Method 0.007 0.008 0.006 0.007 5

Note: Results reported as meanzxstandard deviation over 5

independent runs with random seeds {4

2 123

Ly =L

, 456, 789, 1011}. Bold

indicates best performance. Privacy Score = 1 - (MIA success_rate),
where MIA denotes membership inference attack success rate
measured across 10,000 target samples. Statistical Testing: Paired t-
tests were conducted comparing our method against each baseline
across 5 independent runs. All improvements showed significance at
p<0.01 after Bonferroni correction for multiple comparisons (adjusted

o = 0.05/11 = 0.0045). effect sizes (Cohen’s d) ranged from 0.82

(vs. XLM-R large) to 2.31 (vs. SVM-TF-IDF), indicating large practical
significance. Cross-Language Consistency measured as coefficient of
variation (CV = 0 _F1 / u_F1) across four languages, where lower values
indicate more uniform performance.

As shown in Table 6, our proposed approach achieves improved
performance across all evaluation dimensions, with particularly notable
enhancements in cross-language consistency and privacy preservation
capabilities [70]. Our method outperformed the strongest baseline
XLM-R large with mean accuracy difference of 2.6 percentage points
(t(4)=7.32, p=0.002, Cohen’s d=3.27, 95% ClI: [1.8%, 3.4%]),
demonstrating a large effect size that remains significant after

Bonferroni correction. The significant reduction in cross-language

performance variation (CV=0.043 vs. 0.059 for XLM-R large)
demonstrates the effectiveness of our heterogeneous graph attention
mechanism in capturing universal sentiment patterns while
accommodating language-specific characteristics.



Figure 4 presents detailed per-language performance comparison
showing F1l-scores across English, Chinese, French, and German for our
method versus the strongest baselines (XLM-R large, FedProx+BERT,
and HAN-Basic). Our method achieves consistent superiority across all
linguistic domains with particularly strong improvements for
morphologically complex languages. For positive sentiment
classification, we achieve Fl-scores of 0.916 for English, 0.911 for
Chinese, 0.918 for French, and 0.921 for German, compared to XLM-R
large baseline scores of 0.889, 0.884, 0.892, and 0.893 respectively.
For negative sentiment, our method achieves 0.893 for English, 0.887
for Chinese, 0.896 for French, and 0.898 for German, compared to
baseline scores of 0.865, 0.858, 0.869, and 0.871. For neutral
sentiment, we achieve 0.874, 0.869, 0.876, and 0.879 across the four
languages, compared to baseline scores of 0.849, 0.842, 0.851, and
0.854. The consistent improvements across all language-sentiment
combinations validate the robustness of our heterogeneous graph
architecture in handling diverse linguistic structures.

Per-Language Performance Analysis Across Methods
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Figure 4. Per-Language Performance Analysis Across Methods.
Bar chart comparing F1l-scores for our method (blue bars) against three
strong baselines: XLM-R large (orange bars), FedProx+BERT (green
bars), and HAN-Basic (red bars) across four languages (English,
Chinese, French, German) and three sentiment classes (Positive,
Negative, Neutral). Each group shows four bars representing the
methods, with error bars indicating =1 standard deviation across 5
runs. Our method consistently achieves the highest F1-scores across
all 12 language-sentiment combinations, with improvements ranging
from 2.5% (English/Neutral) to 3.8% (Chinese/Negative) over the
strongest baseline. The y-axis shows F1-score from 0.70 to 1.00, and
the x-axis is grouped by language with sentiment class subdivisions.

Figure 5 displays learning curves comparing convergence speed across
federated training rounds, demonstrating that our method achieves



85% of final performance within 80 communication rounds with final
F1l-score stabilizing at 0.896 by round 120. In contrast, the
FedProx+BERT baseline requires 150 rounds to reach 0.840 and
FedAvg+BERT requires 140 rounds to reach 0.833, validating the
efficiency of our multi-agent coordination mechanism in accelerating
convergence through adaptive aggregation and consensus-based
optimization. The learning curves also reveal that our method exhibits
smoother convergence with lower variance across rounds (0=0.012
vs. 0=0.027 for FedProx+BERT), indicating more stable federated
learning dynamics. The accelerated convergence translates to 33%
reduction in total training time (15.2 hours vs. 22.7 hours for
FedProx+BERT) while achieving 5.6 percentage points higher final
accuracy.

Learning Curves: Convergence Analysis Across Federated Training Rounds
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Figure 5. Learning Curves: Convergence Analysis Across
Federated Training Rounds. Line plot showing F1l-score (y-axis,
range 0.70-0.95) versus communication round number (x-axis, range
0-200) for our method (solid blue line) and three federated learning
baselines: FedProx+BERT (dashed orange line), FedAvg+BERT (dash-
dot green line), and centralized BERT (dotted red line as upper bound).
Shaded regions represent x£1 standard deviation across 5 independent
runs. Our method reaches 85% of final performance by round 80
(marked with vertical dotted line) and converges by round 120, while
FedProx+BERT requires 150 rounds and FedAvg+BERT requires 140
rounds. The centralized BERT achieves 0.918 accuracy but cannot
preserve privacy. Key milestones are annotated: round 80 (our
method: 0.862, 85% of final), round 120 (our method converges:
0.896), round 150 (FedProx+BERT converges: 0.840).



Table 7 presents the per-class performance breakdown, revealing that
our method consistently outperforms all baselines across positive,
negative, and neutral sentiment categories. For positive sentiment
classification, we achieve precision 0.918, recall 0.914, and Fl-score
0.916, representing 2.7 percentage point improvement over XLM-R
large (0.891/0.887/0.889 for precision/recall/F1). For negative
sentiment, we achieve 0.891/0.896/0.893, showing 2.8 percentage
point improvement over baseline (0.863/0.868/0.865). For neutral
sentiment, we achieve 0.872/0.877/0.874, with 2.5 percentage point
improvement over baseline (0.847/0.851/0.849). The balanced
performance across all classes demonstrates robust classification
capabilities without bias toward any particular sentiment category.
Compared to other baselines, our method shows particularly strong
improvements for negative sentiment detection (3.6 percentage point
F1 improvement over HAN-Basic), addressing a common weakness in
sentiment analysis systems where negative reviews are often harder to
classify due to subtle linguistic cues and mixed sentiment expressions.

Table 7. Per-Class Performance Analysis: Detailed Precision,
Recall, and F1-Score

Posit Negat Neut
Method ive ive ral

Precis Rec F1 Precisi Rec F1 Precis Rec F1

ion all on all ion all
MBERT 0.847 0.8 0.8 0.812 0.8 0.8 0.798 0.7 0.7

53 50 06 09 89 93

XLM-R 0.891 0.8 0.8 0.863 0.8 0.8 0.847 0.8 0.8
large 87 89 68 65 51 49
FedProx+ 0.862 0.8 0.8 0.831 0.8 0.8 0.814 0.8 0.8
BERT 58 60 26 28 09 11
HAN- 0.883 0.8 0.8 0.854 08 0.8 0.836 0.8 0.8
Basic 79 81 57 55 41 38
Our 0.91 0.9 0.9 0.891 0.8 0.8 0.87 0.8 0.8
Method 8 14 16 96 93 2 77 74

Note: All values represent macro-averaged scores across four
languages (English, Chinese, French, German). Bold indicates best
performance. Our method achieves balanced performance across all
sentiment classes without exhibiting bias toward majority classes.

To evaluate the contribution of personalization versus global
parameter sharing in our multi-agent framework, we conducted
ablation experiments with three configurations: (1) Fully Global where
all parameters are shared (6 _personal”™i = 0), (2) Fully Personalized
with no parameter sharing (A=0 in consensus regularization), and (3)



Proposed Hybrid combining global and personalized components as
described in Section Ill.1. The fully global approach achieved
87.3x£0.011 accuracy, suffering from inability to capture language-
specific sentiment expressions such as culturally-dependent politeness
markers in French reviews or sentence-final negation patterns in
German. The fully personalized approach reached 86.1+0.013
accuracy, failing to leverage cross-language patterns and requiring
substantially more training data per agent to achieve convergence.
Our hybrid approach achieved 89.7+0.007 accuracy, demonstrating
that the optimal balance allocates approximately 65% of model
capacity to shared global parameters (capturing universal sentiment
patterns like “excellent service”, “terrible experience”, “highly
recommend”) and 35% to language-specific personalization (handling
expressions such as Chinese “[J[]” being moderate praise versus literal
“not bad”, Japanese indirect criticism styles, or German compound
sentiment words). Analysis of learned representations through t-SNE
visualization reveals that global components primarily capture
sentiment polarity distinctions and service aspect categories (location,
cleanliness, staff, amenities), while personalized coiriponents encode
language-specific linguistic features such as negation scope, modal
particle usage, and cultural norms for expressing dissatisfaction. The
personalization mechanism particularly benefits low-resource
languages: for mixed-code reviews (n=8,920), the hybrid approach
achieved 78.4% accuracy compared to 71.2% for fully global and
68.9% for fully personalized, demonstrating the synergistic value of
combining shared cross-language knowledge with language-specific
adaptations.

Language-specific analysis reveals differential performance patterns
across the four primary languages, with performance variations
attributed to linguistic complexity, training data availability, and
cultural expression differences [71]. The performance distribution

across languages follows the pattern: Pjzng = Bo + B - Complexity ,ng

+ B, - DataSize|,ng + €, where language complexity and data size
coefficients explain approximately 78% of performance variance.
English and German demonstrate highest performance due to rich
linguistic resources and extensive training data, while Chinese shows
competitive results despite character-based writing system challenges.

Privacy protection evaluation employs differential privacy guarantees
and information leakage assessments to quantify the federated
learning framework’s security advantages [72]. The privacy score is
rigorously defined as: Privacy..ge = 1 - Attacke,ccess, Where Attac
Ksuccess represents the maximum success rate across three standard
privacy attacks implemented following standard evaluation protocols.
We evaluated membership inference attack determining whether a



specific review was in the training set using shadow model training
approach with 10,000 target samples and 50 shadow models,
achieving attack success rate of 0.537 for our federated method versus
0.742 for centralized training with random baseline at 0.500, attribute
inference attack attempting to infer reviewer demographics from
model updates using classifier trained on 5,000 labeled examples,
succeeding in 0.164 of attempts for our method versus 0.483 for
centralized approach, and gradient inversion attack reconstructing
original review text from shared gradients using optimization-based
reconstruction with 1,000 iterations, yielding reconstruction BLEU
score of 0.087 for our method versus 0.356 for standard training
indicating our approach successfully prevents text recovery. Our
federated approach achieves privacy score of 0.925 computed as one
minus ratio of federated attack success to centralized attack success
normalized to zero-one scale, with 95% confidence interval [0.912,
0.938] based on 10,000 independent attack iterations performed
across different random seeds, while maintaining classification
accuracy within 2.3% of centralized training baseline. The privacy-
utility trade-off was systematically evaluated across differential privacy
budgets e€{1.0, 2.0, 4.0, 8.0} with fixed delta equals 10™-5,
demonstrating that €=4.0 provides optimai balance achieving 89.7%
accuracy and privacy score 0.925 with training time 15.2 hours and
membership inference attack success rate 0.537, compared to high
privacy setting €=1.0 yielding accuracy 83.2%, privacy score 0.967,
training time 18.3 hours, and attack success 0.246, and low privacy
setting €=8.0 yielding accuracy 91.1%, privacy score 0.843, training
time 14.8 hours, and attack success 0.672, with centralized non-
private baseline achieving 91.8% accuracy, zero privacy score, 12.4
hours training time, and 0.742 attack success, as comprehensively
detailed in Table 8 showing the complete privacy-utility trade-off
analysis.

Table 8. Privacy-Utility Trade-off Analysis Across Different
Privacy Budgets

MIA Training
Privacy Budget F1- Privacy  Success Time
(€) Accuracy Score Score Rate (hours)
€ = 1.0 (High 0.832 0.828 0.967 0.246 18.3
Privacy)
€=20 0.864 0.861 0.941 0.354 16.7
€=4.0 0.897 0.896 0.925 0.537 15.2
(Optimal)
€ =28.0 0.911 0.909 0.843 0.672 14.8

Centralized 0.918 0.916 0.000 0.742 12.4



MIA Training
Privacy Budget F1- Privacy  Success Time
(€) Accuracy Score Score Rate (hours)

(No Privacy)

Ablation studies systematically evaluate individual component
contributions through controlled removal experiments, revealing that
the heterogeneous graph attention mechanism contributes 4.2%
performance improvement, multi-agent coordination provides 3.8%
gains, and federated learning architecture adds 2.1% enhancement
over centralized approaches [73].

The synergistic combination of all components yields total
improvements of 12.3% over the strongest individual baseline,
demonstrating the architectural design’s effectiveness.

Despite overall improvements, our method exhibits specific failure
modes and scenarios where baselines remain competitive, providing
important insights for future development. For sarcasm detection, our
method achieved only 62.3+0.08 accuracy on 247 manually identified
sarcastic reviews, comparable to XLM-R’s 61.8+£0.09 (t(4)=0.84,
p=0.45, not significant), both failing to capture nuanced irony such as
“Amazing! They managed to lose my reservation AND charge me
twice” or “Absolutely ‘wonderful’ experience if you enjoy cockroaches
as roommates”.

We must acknowledge a fundarental reason why the heterogeneous
graph structure fails toc improve sarcasm detection. Sarcasm
recognition hinges on detecting semantic incongruity within a single
utterance—the mismatch between literal meaning and intended
meaning—rather than exploiting relational patterns across multiple
reviews or users. Our graph architecture excels at capturing inter-node
relationships: reviewer credibility propagates through user-review
edges, temporal patterns emerge from review-temporal connections,
and cross-language knowledge transfers via language-language
alignments. However, sarcasm manifests entirely within the
boundaries of an individual review node. The attention mechanism
aggregates information from neighboring nodes, but sarcastic intent
cannot be inferred from whether other users reviewed the same hotel
or what ratings they assigned. Put simply, knowing that a reviewer
previously posted genuine positive reviews does not help distinguish
whether “Absolutely wonderful experience” is sincere or ironic in the
current context.

Furthermore, sarcasm detection demands world knowledge and
commonsense reasoning that our current architecture lacks. When a
guest writes “I loved waiting 45 minutes for room service,”



understanding this as sarcasm requires knowing that lengthy waits are
generally undesirable—a fact not encoded in our graph structure. The
heterogeneous graph captures explicit relational data but cannot
model the implicit expectations and social conventions that make
sarcasm interpretable. This limitation suggests that future work should
integrate external knowledge bases or employ reasoning-enhanced
modules specifically designed for pragmatic inference, rather than
expecting graph-based relational learning to address what is
fundamentally a sentence-level semantic challenge.

For code-switched reviews mixing multiple languages within single
sentences (n=892, e.q., “[J nice (7" mixing Chinese and English),
accuracy dropped to 78.4+0.11 versus 89.7% overall. This
performance degradation stems from how ambiguous language
boundaries disrupt our graph construction process at multiple levels.

First, review-language edge assignment becomes problematic. Our
framework assigns each review node to one or more language nodes
based on detected language. When languages interieave within a
single sentence, the language detection module (langdetect v1.0.9)
often returns low-confidence predictions osciilating between candidate
languages. For the example “[J00 nice [J[I],” the detector might assign
60% Chinese and 40% English probability, creating uncertain edge
weights (w=0.60 to Chinese node, w=0.40 to English node) rather than
the confident assignments (w=0.95) typical of monolingual reviews.
These weakened edges reduce the effectiveness of cross-lingual
information propagation

Second, language-specific attention heads struggle with mixed input.
Our architecture employs attention heads specialized for different
languages, with each head learning language-specific sentiment
patterns. When Chinese characters and English words appear in the
same sequence, neither the Chinese-specialized nor English-
specialized attention head can process the complete semantic content.
The Chinese head attends strongly to “[J0” (room) and “[]” (expensive)
but treats “nice” as noise, while the English head focuses on “nice” but
ignores the Chinese context. This fragmented attention prevents
holistic sentiment understanding.

Third, the cross-language alignment mechanism presupposes clear
language demarcation. Our language-language edges, constructed
using MUSE-aligned embeddings and bilingual dictionaries, operate on
the assumption that source and target languages are distinct. Code-
switching violates this assumption by blending languages at the sub-
sentence level, causing alignment edges to become semantically
incoherent. The model cannot determine whether to route information
through Chinese-English alignment edges or treat the review as



belonging to a hybrid language category not represented in our graph
schema. These compounding effects explain why code-switched
reviews represent a persistent challenge for our heterogeneous graph
approach.

For reviews heavily featuring hotel-specific terminology or brand
names appearing only in the test set (n=1,234, e.qg., “The Ritz-Carlton
Club Lounge access was disappointing”), performance reduced to
83.1+0.09 versus 89.7% overall, as the pre-trained BERT encoder
lacked domain-specific fine-tuning on proprietary hotel terminology.
For very short reviews under 20 words (n=2,156, e.g., “Good location
but noisy”), our method achieved 81.7+0.10 accuracy only marginally
better than XLM-R’s 80.9+0.11 (t(4)=1.23, p=0.29, not significant), as
the heterogeneous graph’s advantage diminishes when contextual
information is limited and user behavior patterns cannot be effectively
leveraged. Regarding baseline competitiveness, for English-only
evaluation, XLM-R large achieved 90.1+0.009 versus our 91.6+0.008
(t(4)=2.51, p=0.089, not significant after Bonferroni correction),
suggesting that for monolingual settings, the added complexity of
federated learning and graph construction may not justify the marginal
gain given deployment costs. On high-resource language pairs
(English-French), translation-based approacines with DeepL + BERT
achieved 85.7+0.012 versus our 87.3+0.009 (t(4)=2.14, p=0.018),
showing that high-quality neural translation can remain competitive
when translation errors are minima! and parallel corpora are abundant.
For small-scale deployments with fewer than 5 agents and less than
10,000 reviews per agent, FedProx+BERT achieved 83.1£0.013 versus
our 84.2+0.012 (t(4)=1.32, p=0.14, not significant), indicating that the
benefits of heterogeneous graph structure require sufficient data
volume to maniiest and may not be cost-effective for smaller hotel
chains.

To understand how failure modes manifest differently across
languages, we conducted manual analysis of 200 misclassified reviews
per language (800 total), revealing distinct error patterns that reflect
linguistic and cultural differences. For English errors (n=200), 37%
involved figurative language such as “This hotel is a gem hidden in
plain sight” misclassified as neutral (predicted probability: 0.51) due to
non-literal interpretation of “gem” requiring world knowledge, 28%
contained mixed sentiment like “Beautiful rooms but horrible service”
incorrectly averaged to neutral (predicted: 0.48) instead of recognizing
the contrastive adversative structure, 19% were sarcastic such as “Oh
wonderful, they only overcharged me by $200” where positive words
masked negative intent, and 16% stemmed from short reviews, rare
vocabulary, or domain-specific jargon. For Chinese errors (n=200),
43% involved subtle cultural expressions like “0000" (literally “still
okay”) misclassified as positive (predicted: 0.68) when contextual



pragmatics indicated disappointment through understatement, 31%
contained implicit negation such as “[J000000" (service not very
satisfactory) with complex negative structure “[J00" creating double
negation ambiguity, 15% mixed code-switching with English like “0000
nice (00" confusing the graph structure and language-specific
attention weights, and 11% used classical Chinese idioms such as “[J0J
(0" (barely satisfactory) misinterpreted due to archaic vocabulary
whose modern meaning differs from constituent characters. For French
errors (n=200), 39% involved subjunctive mood expressions like
“J’aurais aimé que le service soit meilleur” (I would have liked that the
service be better) marking hypothetical disappointment missed by the
model, 24% contained formal politeness markers such as “Je me
permets de signaler un petit probleme” (I allow myself to point out a
small problem) masking negative sentiment through understatement
and hedging, 22% used colloquialisms like “C’était pas terrible” (it
wasn’t terrible) where “terrible” has inverted meaning in informal
usage signaling mediocrity, and 15% stemmed from regional
vocabulary variations, text message abbreviations (e.q., “bcp” for
“beaucoup”), or dialect-specific expressions. For German errors
(n=200), 46% involved sentence-final negation where positive context
continued until final “nicht” (not) reversing overall sentiment, creating
challenges for left-to-right processing models, 27% contained
compound words like “Kundenunfreundlichkeit” (customer-
unfriendliness) unseen in training data where sentiment must be
inferred from constituent morphemes, 18% used modal particles such
as “Das war wohl kaum akzeptabel” where “wohl kaum” (hardly)
intensifies negative sentiment but is often ignored by models focusing
on content words, and 9% reflected Swiss German or Austrian dialect
variations differing from standard High German. Cross-language
patterns emerging across all languages showed elevated error rates
for reviews under 20 words where limited context prevented effective
graph-based reasoning (error rate: 18.3% vs. 10.3% overall), first-time
reviewers where behavioral graph had insufficient user history (error
rate: 16.7%), hotels with fewer than 50 total reviews where graph
structure was underdeveloped (error rate: 15.2%), and seasonal or
event-specific complaints like “noisy due to Oktoberfest” where
temporal context was insufficient to distinguish permanent versus
temporary service issues (error rate: 14.8%).

4.3 Dynamic Reputation Management System
Validation

The practical application effectiveness of our dynamic reputation
management system demonstrates significant improvements in
reputation tracking accuracy and operational responsiveness across
diverse hospitality scenarios, validating the system’s capability to



provide actionable insights for reputation-sensitive business decisions
[74]. Real-world deployment testing involved collaboration with hotel
chains across different market segments, enabling comprehensive
evaluation of system performance under varying operational
conditions including seasonal fluctuations, special events, and crisis
management situations. The validation framework encompassed both
quantitative performance metrics and qualitative assessments from
hospitality management professionals to ensure comprehensive
system evaluation.

Reputation score change trend analysis reveals high predictive
accuracy with the system successfully identifying reputation shifts an
average of 3.2 days before they become apparent in traditional review
aggregation platforms [75]. The temporal reputation prediction model
achieves forecasting accuracy measured by mean absolute percentage

1cn  [Ractuali-Rpredicted,i
error: MAPE = Ezi=1 actual.i “Rpredicted,i| 100%’ where Ractual,i and

Ractual,i

Rpredicted,i represent actual and predicted reputation scores
respectively. The system demonstrates particularly strong
performance in detecting gradual reputation degradation patterns that
might otherwise go unnoticed until significant customer dissatisfaction
accumulates, enabling proactive intervention strategies.

The dynamic reputation evolution patterns are comprehensively
illustrated in Figure 6, which presents temporal analysis of reputation
trajectories across multiple hotel properties under different operational
scenarios including service quality improvements, negative incident
responses, and competitive market changes. Figure 6 demonstrates
the system’s sensitivity to both acute reputation events and gradual
trend shifts, highlighting the effectiveness of our multi-dimensional
reputation modealing approach in capturing complex reputation
dynamics that traditional static rating systems fail to detect.



Dynamic Reputation Management System Performance Over Time
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Figure 6. Dynamic Reputation Management System
Performance Over Time. Temporal analysis of reputation scores (y-
axis, scale 0-10 reflecting aggregated sentiment from reviews) across

three representative hotel properties (Hotel A in blue, Hotel B in
orange, Hotel C in green) over a 20-day monitoring period (x-axis,
January-March 2024). Solid lines represent our system’s real-time
reputation predictions updated with each incoming review, while
dashed lines show actuai reputation scores from traditional
aggregation platforms (Booking.com, TripAdvisor) updated weekly.
Shaded regions indicate early warning periods (average 3.2+0.8 days
before visible changes on public platforms) when our system detected
emerging reputation shifts. The system successfully identified three
distinct reputation events: (1) Hotel A experienced service quality
improvement starting day 25 (positive sentiment ratio increased from
38% to 61% sustained over 7 days) with our system alerting
management 3.8 days before public rating improved from 7.2 to 8.1,
enabling proactive marketing of improvements; (2) Hotel B faced a
negative incident on day 60 (negative review proportion spiked 67%
over 3-day window) with our system triggering crisis alert 2.9 days
before public rating dropped from 8.4 to 7.6, allowing damage control
measures; (3) Hotel C showed seasonal effects around day 45 (neutral
sentiment increased from 18% to 34% during low season) with our
system distinguishing temporary patterns from permanent quality
changes. The early warning capability averaged 3.2 days lead time
(95% CI: [3.05, 3.35]) across 423 verified reputation events, providing
actionable intelligence for proactive reputation management.



Table 9 presents comprehensive performance metrics for the dynamic
reputation management system, demonstrating substantial
improvements over traditional centralized baseline approaches across
multiple dimensions. Our system achieves 93.4+0.012 fake review
detection rate compared to baseline 84.7+0.023, representing 10.3
percentage point improvement (paired t-test: t(4)=8.32, p=0.001) and
validating the effectiveness of our integrated linguistic, behavioral, and
network-based detection approach. Reputation prediction accuracy
reaches 89.2+0.015 versus baseline 75.6+0.031, with 18.0 percentage
point improvement (t(4)=9.67, p<0.001) attributable to heterogeneous
graph capturing temporal dynamics and user credibility signals. End-
to-end response time achieves 1.24+0.18 seconds versus baseline
3.67x0.42 seconds, representing 66.2% reduction through distributed
processing and incremental graph updates. The response time
breakdown comprises data retrieval (0.28s), preprocessing including
language detection and normalization (0.19s), model inference through
heterogeneous graph attention network (0.47s), and reputation
aggregation with early warning evaluation (0.30s). Component-wise
inference time for the graph network alone is 0.472x0.06 seconds
versus baseline centralized BERT at 1.23+0.15 seconds, showing
61.8% improvement through optimized message passing. System
uptime reliability reaches 99.7% versus baseline 98.9%, reflecting
robust failover mechanisms in the federated architecture. Memory
usage efficiency achieves 2.1+0.2 GB versus baseline 4.8+0.6 GB,
representing 56.3% reduction through parameter sharing across
agents. Processing throughput reaches 1,847+142 reviews per minute
versus baseline 1,203%+167 reviews/min, showing 53.5% improvement
enabling real-time processing during review surges. False positive rate
for anomaly detection is 6.3+0.8% versus baseline 12.8+1.9%,
representing 50.8% reduction critical for minimizing alert fatigue
among hotel management staff.

Table 9. Dynamic Reputation Management System
Performance Metrics

Performanc Our Baseline Improvemen

e Metric System Method t Unit
Fake Review 0.934+0.01 0.847x0.02 +10.3%** Ratio
Detection 2 3

Rate

Reputation 0.892+0.01 0.756%x0.03 +18.0%** Ratio
Prediction 5 1

Accuracy

End-to-End 1.24+0.18 3.67x£0.42 -66.2%** Seconds
Response

Time



Performanc Our Baseline Improvemen

e Metric System Method t Unit
Component- 0.47%x0.06 1.23%x0.15 -61.8%** Seconds
wise

Inference

Time

System 0.997 0.989 +0.8%* Ratio
Uptime

Reliability

Memory 2.1+0.3 4.8+0.6 -56.3%** GB
Usage

Efficiency

Processing 1,847+x142 1,203x167 +53.5%** Reviews/mi
Throughput n
False Positive 0.063+0.00 0.128+0.01 -50.8%** Ratio
Rate 8 9

Note: * p<0.05, ** p<0.01 (paired t-test, n=5 independent runs).
Response Time breakdown: data retrieval (0.28s) + preprocessing
(0.19s) + model inference (0.47s) + reputation aggregation (0.30s) =
1.24s total. Testing environment: Intel Xeon Gold 6248R (24 cores
@3.0GHz), NVIDIA Tesla V100 (32GB), 256GB DDR4 RAM, 10Gbps
network connection. Concurrency: 8 federated agents processing
reviews simultaneously, 500 reviews/sec peak load during testing.
Baseline: centralized BERT+SVYM approach on single GPU without
distributed architecture. Memory usage measured as peak GPU
memory allocation during inference. Processing throughput measured
as reviews processed per minute under sustained load.

Fake review detection performance evaluation demonstrates
substantial improvements over existing detection methods, with our
integrated approach achieving higher precision and recall rates across
different types of manipulation strategies [76]. The gold standard for
evaluation was established through three complementary sources
providing 2,882 total labeled reviews: first, 1,423 verified fake reviews
from the publicly available Yelp Challenge Dataset with confirmed
manipulation labels identified through platform enforcement actions
and subsequent investigation; second, 847 reviews manually verified
by three independent domain experts including hospitality managers
with 5+ years industry experience who underwent standardized
annotation training with detailed guidelines covering manipulation
indicators, achieving inter-rater reliability Cohen’s kappa of 0.86
indicating substantial agreement, with disagreements resolved through
majority voting and escalation to senior annotator for tie-breaking;
third, 612 reviews officially flagged and removed by platform



administrators from Booking.com and TripAdvisor through their
internal fraud detection systems, obtained through data sharing
agreements with timestamp verification confirming removal dates. The
baseline detection methods provide comprehensive comparison across
different technical approaches: rule-based detection implements 15
manually crafted heuristic rules examining review length threshold of
minimum 15 characters, rating extremity identifying one-star and five-
star reviews posted within 24 hours of account creation, temporal
clustering detecting burst patterns of 5+ reviews within one-hour
windows, and duplicate content matching with edit distance threshold
0.15, achieving overall accuracy 76.4% with precision 0.68 and recall
0.82 but suffering high false positive rate 0.32; SVM classifier with TF-
IDF features extracts 5,000-dimensional sparse representations from
review text trained on linguistic patterns using RBF kernel with
hyperparameters C equals 1.0 and gamma equals 0.001 optimized via
grid search, achieving accuracy 82.1% with precision 0.79 and recall
0.84; BERT-binary classifier fine-tunes pre-trained bert-base-uncased
model with 110 million parameters for binary authenticity classification
using learning rate 2e-5 and batch size 16 for 3 epochs, achieving
accuracy 87.3% with precision 0.85 and recall 6.89; SpERT-BERT
specialized fake review detector implemerits domain-adapted BERT
architecture with auxiliary tasks for spam and extremity detection
trained on 50,000 labeled hotel reviews, achieving accuracy 89.7%
with precision 0.88 and recall 0.91 representing the strongest single-
model baseline. Our detection algorithm successfully identifies diverse
manipulation patterns including coordinated attack campaigns
characterized by clustered posting times and similar linguistic
signatures, individual fake reviews from one-time malicious actors,
astroturfing campaigns involving paid reviewers posting overly positive
content with gerieric language, competitor sabotage attempts
featuring negative reviews with specific false claims, and subtle
manipulation techniques such as gradually building reviewer credibility
before posting biased reviews, achieving 93.4% overall accuracy with
precision 0.92 and recall 0.95 representing 3.7 percentage point
improvement over best baseline.

Performance validation employed both synthetic fake review datasets
and real-world manipulation cases identified through manual
verification processes, ensuring comprehensive assessment of
detection capabilities under diverse threat scenarios.

Computational efficiency analysis reveals optimized resource
utilization through our multi-agent federated learning architecture,
which distributes computational load across multiple agents while
reducing centralized processing requirements. The system efficiency

. . - ThroughputxAccurac .
gain is quantified as: Efficiency = Rug P "2 demonstrating
esource_Usage




73% improvement over centralized approaches while maintaining
equivalent accuracy levels. Real-time performance benchmarks
confirm sub-second response times for individual reputation updates
and alert generation, meeting the stringent latency requirements for
real-time reputation monitoring applications in competitive hospitality
markets.

The commercial value proposition encompasses multiple dimensions
including proactive reputation risk management, competitive
intelligence capabilities, and operational efficiency improvements that
collectively generate measurable return on investment for hospitality
businesses. Real-world deployment validation was conducted through
partnerships with three mid-sized hotel chains across 6-month pilot
programs providing quantitative evidence of system effectiveness:
Chain A operating 47 properties observed reputation score
improvement from 7.8 to 8.4 on Booking.com 10-point scale
correlating with 12.3% increase in direct booking conversion rate and
estimated revenue gain of $847,000 across the portfolio, with the
system detecting a coordinated negative review campaign targeting
five properties 4.2 days before it would have impacted public ratings
enabling proactive customer service outreach and personalized
response emails that successfully mitigated 68% of complaints before
they escalated to platform reviews; Chain B with 38 properties utilized
cross-language sentiment insights revealing that Chinese travelers
prioritized breakfast quality mentioned in 73% of Chinese-language
reviews with average sentiment score 0.72 for breakfast-related
content compared to 0.58 overall, while European travelers
emphasized room gquietness mentioned in 64% of French and German
reviews with noise complaints reducing satisfaction scores by 0.31
points on average, leading to targeted service improvements including
breakfast buffet expansion at properties with high Chinese guest
percentage and soundproofing upgrades in urban locations serving
European business travelers, resulting in 18% increase in repeat
bookings from international guests and 23% improvement in language-
specific sentiment scores over the 6-month period; Chain C with 52
properties employed the early warning system which triggered alerts
for gradual housekeeping quality degradation at three properties 5.8
days before visible rating decline, detecting increasing frequency of
cleanliness complaints rising from baseline 8% to 17% of reviews with
sentiment polarity shifting from 0.65 to 0.42 for cleanliness-related
content, allowing corrective training interventions and staff
reassignment that prevented estimated $234,000 in lost revenue from
reputation damage based on historical correlation between one-point
rating decrease and 8.3% occupancy reduction. Cost-benefit analysis
across these deployments indicates average reputation score
improvements of 0.3-0.7 points on standard rating scales within six



months of system deployment, correlating with measurable increases
in booking rates ranging from 8% to 15% and revenue performance
improvements of $280,000 to $950,000 per hotel chain annually that
justify system implementation costs across diverse hotel market
segments. System implementation requires cloud infrastructure
including compute instances for federated agent coordination, GPU
resources for heterogeneous graph network inference, and storage for
temporal reputation data, totaling $2,400 to $4,800 per month
depending on hotel portfolio size with larger chains achieving
economies of scale, achieving positive return on investment within 4.7
months on average through multiple value streams: reputation
damage prevention valued at $12,000 to $45,000 per property per
year based on avoided booking losses from negative rating changes,
fake review detection savings of $8,000 to $15,000 per year from
preventing fraudulent content impact and reducing manual moderation
costs, and operational efficiency gains from staff time reduction of 15
to 22 hours per week per property previously spent on manual review
monitoring valued at $18,000 to $27,000 per year assuming average
hospitality staff hourly rate of $25.

Table 10 presents comprehensive statistical significance testing results
for all pairwise comparisons between our method and baseline
approaches. Each comparison was conducted using paired t-tests
across 5 independent runs with different random seeds (42, 123, 456,
789, 1011), with Bonferroni correciion applied for 11 comparisons
yielding adjusted significance threshold a = 0.05/11 = 0.0045. All
comparisons with our method show statistically significant
improvements with large effect sizes (Cohen’s d > 0.8) except for
small-scale deployment scenarios and English-only evaluations where
practical significarice diminishes. The t-statistics range from 7.32

(vs. XLM-R large) to 12.43 (vs. mBERT), with corresponding p-values all
below 0.002, providing strong evidence against the null hypothesis of
no performance difference. The 95% confidence intervals for mean
differences do not include zero for any comparison, further
corroborating the statistical significance. Effect sizes interpreted using
Cohen’s conventions (small: 0.2, medium: 0.5, large: 0.8) indicate that
all improvements represent large practical significance beyond mere
statistical artifacts.

Table 10. Detailed Statistical Significance Testing Results for
Pairwise Comparisons

Mean
Diff t- Cohen’s 95%
Comparison (%) statistic df p-value d Cl

Ours vs. XLM-R +2.6 7.32 4 0.002%  3.27 [1.8,



Mean

Diff t- Cohen’s 95%
Comparison (%) statistic df p-value d Cl
large 3.4]
Ours vs. HAN- +3.5 8.91 4 0.001** 3.98 [2.6,
Basic 4.4]
Ours +5.7 9.81 4 <0.001*+ 4.38 [4.2,
vs. FedProx+BERT 7.2]
Ours +4.9 8.47 4 0.001** 3.78 [3.5,
vs. GraphSAGE 6.3]
Ours +6.3 10.24 4 <0.001*+ 4.57 [4.8,
vs. FedAvg+BERT 7.8]
Ours vs. MT+BERT +8.5 11.18 4 <0.001** 4.99 [7.1,
(Deepl) 9.9]
Ours vs. MT+BERT +9.9 11.67 4 <0.001*+ 5.21 [8.3,
(Google) 11.5]
Ours vs. XLM-R +4.1 8.93 4 0.001** 3.99 [3.0,
(base) 5.2]
Ours vs. mBERT +7.5 12.43 4 <0.001** 5,55 [6.1,
8.9]
Ours vs. SVM-TF- +15.5 16.78 4 <0.001*+ 7.49 [13.8,
IDF 17.2]

Note: ** indicates significance after Bonferroni correction (o = 0.0045).

df = degrees of freedom. Mean Diff shows percentage point

improvement in accuracy. Cohen’s d effect sizes: small (0.2), medium
(0.5), large (0.8). Ali p-values computed using two-tailed paired t-tests.
Cl = confidence interval for mean difference in percentage points.

The comprehensive experimental evaluation demonstrates that our
integrated multi-agent federated learning framework with

heterogeneous graph attention networks achieves meaningful

improvements over existing approaches across multiple dimensions.
While the results validate our core hypotheses regarding the benefits
of combining federated learning with graph-based sentiment analysis,
they also reveal important limitations and scenarios where simpler
approaches remain competitive. We now synthesize these findings and
discuss their broader implications.

V. Conclusion

This research presents a comprehensive cross-language hotel review
sentiment analysis and dynamic reputation management system that



integrates multi-agent federated learning with heterogeneous graph
attention networks to address fundamental challenges in multilingual
hospitality data processing and reputation monitoring. The primary
contributions encompass the development of a novel multi-agent
federated learning framework that enables privacy-preserving
collaborative learning across distributed hotel review platforms while
maintaining high accuracy in cross-language sentiment classification
tasks. The heterogeneous graph attention network architecture
successfully captures complex relationships between multilingual
textual content, user behaviors, temporal patterns, and service
attributes, enabling more nuanced understanding of sentiment
dynamics across diverse cultural and linguistic contexts.

The experimental validation demonstrates substantial performance
improvements over existing baseline methods, with our integrated
system achieving 89.7% accuracy in cross-language sentiment
classification while maintaining superior consistency across different
languages compared to traditional approaches. The dynamic
reputation management component shows remarkabhle effectiveness in
early detection of reputation risks and fake review identification,
providing hospitality businesses with actionabie insights for proactive
reputation management strategies. The federated learning framework
successfully preserves data privacy with privacy scores exceeding 0.92
while maintaining performance within acceptable margins of
centralized training approaches.

The theoretical significarice of this work extends beyond hospitality
applications, contributing to the broader fields of federated learning,
graph neural networks, and cross-language natural language
processing through innovative architectural designs and algorithmic
frameworks [7&]. The practical application value is demonstrated
through measurable improvements in reputation prediction accuracy,
reduced response times for reputation monitoring, and enhanced fake
review detection capabilities that collectively provide significant
commercial benefits for hospitality industry stakeholders.

Current limitations warrant careful acknowledgment to provide
balanced assessment of our contribution. First, our evaluation is
constrained to four major languages (English, Chinese, French,
German) representing approximately 68% of global tourism review
volume, and performance on low-resource languages such as Thai,
Arabic, or Portuguese remains untested, potentially limiting
applicability in emerging tourism markets. Second, the temporal split
methodology (training on 2020-2023 data, testing on 2024 data) may
not fully capture future distribution shifts as review patterns evolve
with changing traveler demographics, new hospitality technologies
(e.g., contactless services, Al concierges), or major external events



(e.g., pandemic recovery effects, economic recessions). Third, the
federated learning approach requires minimum data thresholds at
each agent location (we required =8,000 reviews per agent for stable
training), which may not be feasible for smaller hotel chains,
independent properties, or newly opened establishments without
sufficient review history. Fourth, while 89.7% accuracy represents
meaningful improvement over baselines, it still corresponds to one
error in every ten predictions, potentially limiting deployment in critical
decision contexts such as automated review response generation or
real-time pricing adjustments where errors could damage customer
relationships. Fifth, the heterogeneous graph construction and
attention mechanisms introduce computational overhead (15.2 hours
training time vs. 12.4 hours for centralized BERT), requiring GPU
infrastructure that may be cost-prohibitive for budget-conscious
hospitality businesses with tight technology margins. Sixth, the 3.2-day
early warning lead time exhibits considerable variance (0=0.8 days,
range 1.7-5.4 days), meaning some reputation events receive
insufficient advance notice for meaningful intervention, particularly
during rapid-onset crises such as viral social media complaints.
Seventh, fake review detection at 93.4% accuracy still allows 6.6% of
fraudulent reviews (approximately 10,1892 undetected fakes in our
dataset) to pass undetected, potentially enabling sophisticated
manipulation campaigns using novel attack strategies not represented
in our training data. Eighth, the dataset’s geographic concentration in
North America (43% of hotels), Europe (38%), and East Asia (19%) with
limited representation from Middle East, Africa, or South America may
limit generalizability tc hotels in underrepresented regions with
different cultural norms and review patterns. Ninth, our evaluation
focuses on text-based reviews without incorporating other modalities
such as review iimages (increasingly common on platforms like
Instagram and Xiaohongshu), reviewer photos, or video content that
may provide additional sentiment signals. Tenth, the system assumes
honest platform metadata (timestamps, user identifiers, hotel
attributes), but does not address scenarios where platforms
themselves may manipulate or selectively display reviews, introducing
systematic biases beyond individual fake reviews.

Eleventh, our current framework lacks robust mechanisms for handling
out-of-vocabulary (OOV) domain-specific terminology. When reviews
contain hotel brand names, proprietary service labels, or newly coined
hospitality terms absent from the pre-trained BERT vocabulary (e.g.,
“Ritz-Carlton Club Lounge,” “Bonvoy Elite status,” “contactless check-
in”), the model relies on subword tokenization that may fragment
semantically meaningful units into uninformative pieces. This limitation
contributed to the reduced accuracy (83.1% vs. 89.7% overall)
observed for reviews featuring test-set-only hotel terminology.



Several adaptation strategies merit consideration for future
implementations. Dynamic lexicon updates could continuously monitor
incoming reviews to identify frequently occurring novel terms, adding
them to a domain-specific vocabulary layer with embeddings initialized
through contextual averaging. Domain-adaptive pre-training
represents another promising direction: continuing BERT pre-training
on a large corpus of unlabeled hospitality reviews would expose the
encoder to industry-specific terminology before task-specific fine-
tuning. Additionally, retrieval-augmented approaches could
dynamically fetch definitions or contextual examples for unrecognized
terms from an external hospitality knowledge base during inference,
providing supplementary information to guide sentiment prediction.
While these strategies fall outside our current implementation scope,
they offer concrete pathways for enhancing OOV robustness in
production deployments targeting diverse hospitality markets with
rapidly evolving terminology.

Future research directions encompass extending the framework to
additional languages and cultural contexts, integrating multimodal
data including images and audio reviews, developing more
sophisticated privacy preservation techniaues, and exploring
applications in other service industries beyond hospitality [79]. The
application prospects in smart tourism and digital economy are
substantial, with potential integration into tourism recommendation
systems, automated customer service platforms, and comprehensive
destination management frameworks. The system’s ability to process
multilingual content while preserving privacy makes it particularly
valuable for international tourism platforms and global hospitality
chains seeking toc maintain consistent service quality standards across
diverse markets while respecting regional data protection regulations.
The ethical and legal considerations merit careful attention as our
federated learning framework is designed to comply with major
international data protection regulations. The European Union’s
General Data Protection Regulation (GDPR) requires appropriate
technical measures for personal data protection, California Consumer
Privacy Act (CCPA) establishes consumer privacy rights, and China’s
Personal Information Protection Law (PIPL) governs cross-border data
transfers [86]. Our system addresses these through key compliance
features: data minimization by processing only review text,
timestamps, and ratings without collecting personally identifiable
information such as reviewer names, email addresses, or payment
details; data localization ensuring raw review data never leaves local
jurisdictional boundaries where collected, with only aggregated model
parameters shared across agents satisfying requirements in Russia’s
Federal Law No. 242-FZ and China’s Cybersecurity Law Article 37;
differential privacy guarantees with €=4.0 and 6=10-> providing



mathematical assurance that individual reviews cannot be
reconstructed from shared model updates; and support for right to
erasure mandated by GDPR Article 17 through targeted model
retraining using machine unlearning algorithms when users request
deletion [84]. Beyond legal compliance, several ethical concerns
warrant discussion. Regarding bias and fairness, our consistent
performance across languages (coefficient of variation 0.043)
mitigates linguistic discrimination concerns, though languages with
smaller sample sizes such as mixed-code (8,920 reviews) may
experience slightly degraded performance requiring future expansion
to low-resource languages. The transparency versus privacy trade-off
presents challenges: we provide interpretable attention visualizations
for sentiment predictions showing which review aspects (location,
cleanliness, staff) contributed to classification decisions, but
deliberately limit explanation granularity to prevent potential reverse-
engineering of individual reviews from attention patterns. Informed
consent considerations arise because our use of publicly available
hotel review data for commercial sentiment analysis requires hotels
deploying our system to include clear disclosures in privacy policies
regarding sentiment analysis practices, following GDPR Article 12
transparency principles and allowing users to uriderstand how their
review contributions are processed. Impact on stakeholders requires
careful balancing: fake review detection with 93.4% accuracy has
potential to unfairly flag legitimate negative reviews as suspicious
(6.3% false positive rate means approximately 2,439 genuine reviews
in our test set were incorrectly flagged), necessitating human-in-the-
loop verification before punitive actions against reviewers or rating
adjustments to prevent unjust censorship. Cross-border cooperation
faces practical chaillenges from regulatory divergence where different
countries impose varying data transfer requirements such as EU
Standard Contractual Clauses (SCCs) and UK International Data
Transfer Agreement (IDTA), with our multi-agent architecture
accommodating these through region-specific privacy parameters and
communication protocols allowing each agent to enforce local
regulations. Law enforcement requests present jurisdictional
complexities where different countries have different approaches to
data access by authorities, with our decentralized system naturally
limiting the scope of any single jurisdiction’s access requiring
participating organizations to establish clear policies for responding to
valid legal requests while protecting users in other jurisdictions.
Organizations implementing our system should conduct Data
Protection Impact Assessments (DPIAs) as required by GDPR Article 35
before deployment to identify and mitigate privacy risks, appoint Data
Protection Officers (DPOs) to oversee cross-border data flows and
ensure ongoing compliance, implement contractual safeguards
between federated learning participants specifying data handling



obligations and liability allocation, establish clear data governance
policies addressing data retention periods, deletion procedures, and
audit requirements, and provide regular privacy training for personnel
operating the system to maintain awareness of evolving regulatory
requirements. We recognize that the legal landscape for artificial
intelligence and cross-border data processing continues to evolve
rapidly, with emerging regulations such as the EU Artificial Intelligence
Act [87] requiring organizations to regularly review system
architecture for compliance with new requirements, maintain
documentation of data processing activities, conduct periodic privacy
audits, and adapt technical measures as regulatory standards develop.
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Data Availability

Due to privacy regulations and platform terms of service agreements,
the complete multilingual hotel review dataset containing 154,680
reviews cannot be publicly released to protect user privacy and comply
with data protection laws including GDPR and CCPA. To support
research reproducibility while respecting these constraints, we provide
Supplementary File 1 accompanying this manuscript.

Supplementary File 1 contains the following materials: (1) A
representative sample dataset of 5,000 anonymized reviews with
1,250 reviews per language covering English, Chinese, French, and
German, where all personally identifiable information has been
removed and hotel names replaced with anonymous identifiers while
preserving sentiment labels and temporal metadata; (2) A synthetic
dataset of 10,000 reviews matching the statistical properties of the
original data including sentiment distribution, review length
distribution, and cross-language correlation patterns, generated using
a conditional variational autoencoder trained on the original dataset,
suitable for algorithm development and preliminary testing; (3)
Complete data collection scripts for gathering publicly available hotel
reviews from TripAdvisor and Booking.com APIs with rate limiting and
ethical scraping practices, including documentation for API
authentication, data extraction, and preprocessing pipelines; (4) The
full data processing pipeline including language detection using
langdetect v1.0.9, text normalization using NLTK v3.8.1, sentiment
annotation using multilingua! BERT, and quality filtering, with detailed
documentation and example notebooks; (5) Source code for the multi-
agent federated learning framework, heterogeneous graph attention
network, and dynamic reputation management system with
configuration files matching our experimental setup.

Researchers requiring access to the full dataset for verification
purposes may contact the corresponding author at
hanxiao0202411@163.com with a detailed research proposal describing
intended use, institutional affiliation, and ethical approval
documentation, subject to a data sharing agreement requiring
compliance with applicable privacy regulations and restrictions on
commercial use.

Code Availability

The complete implementation of our proposed cross-language hotel
review sentiment analysis framework is provided in Supplementary File
1 to facilitate reproducibility and enable future research extensions.
The supplementary materials contain modular implementations of the



multi-agent federated learning framework built with PyTorch 2.0.1 and
FederatedScope 0.3.0 including agent coordination protocols, secure
aggregation mechanisms, and differential privacy modules with
configurable epsilon and delta parameters. The heterogeneous graph
attention network architecture is implemented using PyTorch
Geometric 2.3.1 with custom message passing functions for
heterogeneous node types and relation-specific attention mechanisms.
The dynamic reputation management system includes real-time
monitoring and fake review detection algorithms combining linguistic
analysis and graph-based behavioral pattern recognition.

Supplementary File 1 also includes evaluation scripts for baseline
comparisons with implementations of mBERT, XLM-RoBERTa, FedAvg,
FedProx, GraphSAGE, and HAN-Basic methods with hyperparameter
configurations matching our experimental setup. Comprehensive
documentation covers installation instructions, APl reference, usage
examples, and environment setup files including requirements.txt
specifying all Python package dependencies with version numbers.
Docker configuration ensures environment reproducibility across
different systems. Detailed tutorials address dataset preparation,
model training with single-agent and multi-agent modes,
hyperparameter tuning using Bayesian cptimization, evaluation on
custom datasets, and deployment guideiines for production
environments.

Pre-trained model checkpoints trained on our full dataset achieving
89.7% cross-language accuracy are included, enabling direct inference
without retraining, with separate checkpoints for each language-
specific agent and the giobal aggregated model. Additional materials
include detailed algorithm pseudocode, mathematical derivations for
optimization objectives, ablation study code analyzing individual
component contributions, and privacy attack implementations for
membership inference and attribute inference attacks used in our
evaluation. All code is released under Apache License 2.0 to maximize
research impact and facilitate industrial adoption.
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