
Journal of Engineering and Technology for Industrial Applications 
 

ITEGAM-JETIA 
 

Manaus, v.12 n.57, p. 728-737. January/February, 2026. 

DOI: https://doi.org/10.5935/jetia. v12i57.3048 
 

 

RESEARCH ARTICLE                                                                                                                                             OPEN ACCESS 

 

 

Journal homepage: www.itegam-jetia.org 

 

ISSN ONLINE: 2447-0228  

TOWARD ETHICAL AND INTELLIGENT SENTIMENT ANALYSIS IN 

TOURISM: FUTURE DIRECTIONS FOR THE NEXT TWO DECADES 

Hardian Oktavianto*1, Ika Safitri Windiarti2 and Bagus Setya Rintyarna3 

1, 3Universitas Muhammadiyah Jember 
2Universiti Muhammadiyah Malaysia 

1https://orcid.org/0000-0002-2446-7401 , 2https://orcid.org/0000-0002-9603-3397 , 3https://orcid.org/0000-0002-3275-0995 , 

Email: *hardian@unmuhjember.ac.id, ika.windiarti@umam.edu.my, bagus.setya@unmuhjember.ac.id 

ARTICLE INFO  ABSTRACT 

Article History 

Received: December 4, 2025 

Revised: January 10, 2026 

Accepted: January 15, 2026 

Published: February 28, 2026 

 
 

Tourism in the digital era is increasingly influenced by user-generated content, where 

sentiment analysis plays a critical role in understanding traveler perceptions and guiding 

destination management. This study reviews advancements in sentiment analysis from 2015 

to 2024 and forecasts its evolution through 2045, emphasizing the integration of Artificial 

Intelligence, Natural Language Processing, and ethical-cultural awareness. Employing a 

narrative literature review, the research synthesizes over 120 academic works to identify 
technological, ethical, and linguistic challenges shaping the field. The paper proposes the 

Human-AI Integrative Sentiment Framework (HAISF), a holistic model uniting five 

dimensions: data diversity, computational intelligence, ethical governance, cultural 

sensitivity, and sustainable application. This framework supports creating sentiment 

analysis systems that are easy to understand, protect user privacy, and respect cultural 

differences, ensuring that the use of artificial intelligence stays consistent with human 

values. The study concludes that future sentiment analysis in tourism will evolve toward an 

empathic, multimodal, and ethically grounded paradigm, enabling predictive and socially 

responsible decision-making across global tourism ecosystems. 
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I. INTRODUCTION 

Tourism is increasingly shaped by digital communication, where travelers continuously express opinions through social media, 

online reviews, and other user-generated content (UGC) [1]. Understanding these sentiments has become vital for destinations and tourism 

businesses seeking to improve customer experiences and manage brand reputation effectively [2]. Sentiment analysis, an interdisciplinary 

approach combining computational linguistics, machine learning, and data analytics, has thus emerged as an indispensable tool for 

extracting meaningful insights from large volumes of textual and visual data [3]. Early research in tourism sentiment analysis primarily 

focused on polarity detection (positive, neutral, negative) using lexicon-based and classical machine learning models such as Support 

Vector Machines and Naïve Bayes [4].  
Recent advances in deep learning and transformer architectures, including BERT and RoBERTa, have markedly enhanced the 

precision of sentiment classification by capturing semantic and contextual nuances [5]. Moreover, multimodal sentiment analysis that 

integrates text, image, and audio inputs offers a more holistic understanding of tourist experiences [6]. Despite these advances, several 

challenges persist. Existing models often fail to account for linguistic and cultural diversity, leading to biased interpretations of sentiment 

[7]. Ethical and privacy concerns also arise as AI systems increasingly rely on personal data. Furthermore, current research remains 

fragmented, lacking a unified framework that connects technological progress with ethical and socio-cultural considerations in tourism. 

To address these gaps, this paper aims to forecast the future of sentiment analysis in tourism over the next 20 years, focusing on three 

objectives: 

1. To review and synthesize recent developments in sentiment analysis relevant to tourism; 
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2. To identify emerging trends and challenges that will shape the field through 2045; and 

3. To propose a conceptual framework integrating technology, ethics, and inclusivity for future tourism analytics. 

The remainder of this paper is structured as follows: Section 2 describes the research approach; Section 3 reviews the evolution 

and current state of sentiment analysis in tourism; Section 4 outlines emerging trends and projections; Section 5 discusses ethical and 

linguistic challenges; Section 6 presents a conceptual framework for future research; and Section 7 concludes with implications for 

academia and industry.] 

II. METHODOLOGY 

This study adopts a narrative literature review approach to synthesize academic and applied research on sentiment analysis in 

tourism from 2015 to 2024. Unlike systematic reviews that focus on quantitative inclusion criteria, a narrative review allows for critical 

interpretation and theoretical integration across multidisciplinary studies [8]. This approach is particularly appropriate given the rapid 

evolution of Artificial Intelligence (AI), Natural Language Processing (NLP), and data analytics in tourism research. The literature was 

retrieved from major academic databases, Scopus, Web of Science, IEEE Xplore, ScienceDirect, and SpringerLink, using a combination 

of keywords: “sentiment analysis,” “tourism analytics,” “machine learning,” “deep learning,” “natural language processing,” and “AI 

ethics”. Peer-reviewed journal articles, conference papers, and review studies were included, while opinion pieces, editorials, and non-

English publications were excluded. In total, over 120 recent publications were reviewed, with a focus on methodological innovation, 

application context, and theoretical contribution. The analysis process followed three stages: 

1. Conceptual mapping: Identification of key research themes and technological milestones in sentiment analysis within tourism. 

2. Thematic synthesis: Grouping studies into categories, methodological development, current applications, ethical/cultural 
challenges, and future trends. 

3. Gap identification and forecasting: Extraction of research gaps and projection of future directions for the next two decades based 

on technological trajectories and policy reports. 

 
Figure 1: Method. 

Source: Authors, (2026). 

This process ensured a comprehensive understanding of how sentiment analysis has evolved, the limitations of existing research, 

and the directions for its future integration into the tourism domain. 

III. EVOLUTION AND CURRENT STATE OF SENTIMENT ANALYSIS IN TOURISM 

III.1 EARLY DEVELOPMENT AND TECHNOLOGICAL MILESTONES 

Sentiment analysis has evolved from simple text classification into a sophisticated, multi-layered analytical process integrating AI 

and deep learning. Early applications in tourism primarily relied on lexicon-based and machine learning approaches to determine polarity 

(positive, negative, neutral) in user reviews [4]. Traditional algorithms such as Naïve Bayes [9], Support Vector Machines (SVM), and 

Decision Trees demonstrated moderate success but struggled with contextual nuances like sarcasm, idioms, and cultural expressions [10]. 

From 2015 to 2018, Aspect-Based Sentiment Analysis (ABSA) gained attention for its ability to link sentiments to specific service 

components, such as hotel cleanliness, transportation, or food quality, providing richer managerial insights [11]. The introduction of deep 

learning architectures, notably Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs), marked a 

methodological leap, allowing models to capture sequential and semantic dependencies within text data [5]. 

III.2 THE DEEP LEARNING AND TRANSFORMER REVOLUTION 

The period after 2019 witnessed a paradigm shift with the introduction of transformer-based language models, including BERT, 

RoBERTa, and GPT architectures. These models significantly improved accuracy by capturing contextual meaning across entire 

sentences and multilingual corpora [12]. Such advances enabled researchers to analyze vast and heterogeneous datasets, from TripAdvisor 

and Yelp reviews to multimodal inputs like photos and videos. Recent studies in tourism have leveraged multimodal sentiment analysis 

(MSA) to combine textual, visual, and acoustic data, leading to a more comprehensive understanding of traveler emotions [6]. For 

example, photo-based sentiment analysis in dark tourism sites has revealed that negative emotions often dominate affective responses, 

offering insights into destination image management [13]. Similarly, transformer-enhanced systems like ChatGPT-based models have 

demonstrated superior interpretability and accuracy compared with conventional machine learning frameworks [14]. 

Page 729



 
 
 

 

ITEGAM-JETIA, Manaus, v.12 n.57, p. 728-737, January/February, 2026. 

 

 

III.3 CURRENT APPLICATIONS IN THE TOURISM INDUSTRY 

Sentiment analysis has become a cornerstone of destination management, service quality assessment, and customer relationship 

management (CRM) in tourism. Organizations increasingly rely on real-time sentiment tracking to evaluate traveler satisfaction, forecast 
market trends, and tailor marketing strategies [4], [15]. In hospitality, for instance, automated analysis of guest reviews informs 

operational improvements and service personalization. Airlines have applied sentiment analysis to monitor customer feedback on social 

media, achieving up to 90% accuracy in classifying sentiment using hybrid BERT–fastText models [16]. 

Furthermore, Big Data and tourism intelligence systems now incorporate AI-driven sentiment analytics to identify emerging travel 

patterns, predict seasonal preferences, and manage brand reputation. Platforms such as ReUS [17] and BERTopic-based frameworks [18] 

demonstrate how unsupervised and topic-modeling methods enhance interpretability for decision-makers. These developments 

collectively indicate that sentiment analysis is not merely a monitoring tool but a strategic asset driving innovation, competitiveness, and 

sustainability in the tourism sector. 

Table 1: Evolution And Current State Of Sentiment Analysis In Tourism. 

Period / 

Phase 

Technological 

Milestones 

Key Methods & 

Models 

Application Contexts 

in Tourism 

Limitations / 

Challenges 

Representative 

Outcomes or 

Contributions 

Early 

Development 

(Pre-2015) 

Emergence of 

sentiment analysis in 

tourism using basic 

text classification 

Lexicon-based 

methods; Machine 

Learning (Naïve 

Bayes, SVM, 

Decision Trees) 

Analysis of online 

reviews (TripAdvisor, 

Booking.com) to 

determine polarity 

(positive, neutral, 
negative) 

Inability to 

handle sarcasm, 

idioms, and 

cultural 

nuances 

Provided initial 

automation of opinion 

mining and polarity 

detection in tourism 

reviews 

Aspect-

Based 

Expansion 

(2015–2018) 

Integration of 

Aspect-Based 

Sentiment Analysis 

(ABSA) for fine-

grained insights 

ABSA frameworks; 

feature engineering 

techniques 

Evaluation of specific 

service attributes (e.g., 

hotel cleanliness, 

transport, food quality) 

Limited 

scalability; 

dependence on 

manual feature 

extraction 

Enabled tourism 

managers to link 

sentiments to concrete 

service dimensions 

Deep 

Learning Era 

(2018–2019) 

Adoption of neural 

network models for 

contextual sentiment 

understanding 

CNNs, RNNs, 

LSTM-based 

models 

Automated analysis of 

complex textual data 

from online travel 

platforms 

High 

computational 

cost; limited 

interpretability 

Enhanced semantic and 

sequential text 

understanding, 

improving sentiment 

classification accuracy 

Transformer 

Revolution 

(2019–2022) 

Introduction of 

transformer-based 

NLP architectures 

BERT, RoBERTa, 

GPT models 

Multilingual and 

context-aware sentiment 

analysis; large-scale 
tourism datasets 

(TripAdvisor, Yelp) 

Requires large 

labeled data; 

risk of bias in 
pretrained 

models 

Achieved state-of-the-

art accuracy; improved 

cross-lingual and 
contextual sentiment 

interpretation 

Multimodal 

& Hybrid 

Systems 

(2022–2024) 

Expansion toward 

multimodal and 

hybrid AI-driven 

sentiment systems 

MSA (text + image 

+ audio); hybrid 

BERT–fastText; 

topic modeling 

(BERTopic) 

Analysis of traveler 

emotions via text, 

photos, and videos; 

CRM and destination 

image management 

Data 

integration 

complexity; 

privacy and 

ethical 

considerations 

Enabled real-time 

tourism intelligence, 

trend prediction, and 

customer experience 

optimization 

Source: Authors, (2026). 

The evolution of sentiment analysis in tourism has progressed from rule-based polarity detection to sophisticated AI-driven 

multimodal frameworks. These developments have transformed sentiment analysis from a descriptive tool into a strategic asset for data-

driven decision-making, competitiveness, and sustainable tourism management. 

IV. EMERGING TRENDS AND FUTURE DIRECTIONS (2025–2045) 

The next two decades are expected to mark a transformative era in sentiment analysis, driven by accelerated developments in 

artificial intelligence, machine learning, and natural language processing [19]. These advancements will not only enhance the precision 

and interpretability of sentiment classification but will also expand its applicability across the tourism value chain, from destination 

management and service personalization to predictive marketing and sustainability analytics. The following subsections outline key 

technological, methodological, and interdisciplinary trends anticipated to define the field through 2045. 

IV.1 THE RISE OF LARGE LANGUAGE MODELS AND GENERATIVE AI 

The proliferation of Large Language Models (LLMs), such as GPT, LLaMA, and Claude, has already redefined text-based 

analytics, enabling systems to understand and generate human-like responses with remarkable contextual accuracy. Over the next two 

decades, sentiment analysis will likely integrate domain-adapted LLMs trained specifically on tourism-related data (e.g., hotel reviews, 

travel blogs, and destination narratives). These models will outperform general-purpose systems by capturing tourism-specific 

expressions, idioms, and cultural nuances. 
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Emerging frameworks will combine neurosymbolic AI, which integrates neural networks with symbolic reasoning [20], to improve 

explainability and ethical accountability in sentiment decisions. Moreover, fine-tuning techniques and transfer learning will enable models 

to adapt to new linguistic and cultural contexts with minimal retraining effort, facilitating cross-regional tourism analytics. By 2045, 

generative AI systems will not only analyze but also simulate tourist sentiments, predicting how policy changes, marketing campaigns, 

or sustainability initiatives might shape public perceptions before they occur. 

IV.2 MULTIMODAL AND REAL-TIME SENTIMENT ANALYSIS 

Future sentiment analysis will increasingly move beyond text, leveraging multimodal learning to integrate data from images, 
videos, voice recordings, and physiological sensors. Advances in multimodal architectures, such as Text-Centric Sharing-Private (TCSP) 

and Modality Translation-based Multimodal Sentiment Analysis (MTMSA) models, have demonstrated the ability to capture complex 

emotional cues even when certain modalities are missing [21], [22]. In the context of tourism, multimodal analysis could synthesize visual 

impressions (e.g., Instagram photos), acoustic tones (e.g., traveler vlogs), and textual reviews to construct a 360-degree emotional map 

of tourist experiences. Combined with Internet of Things (IoT) sensors embedded in smart destinations, such systems could enable real-

time mood analytics, offering immediate feedback to tourism operators about visitor satisfaction, crowd sentiment, and service 

performance. By 2040, real-time sentiment dashboards powered by edge computing and 6G connectivity could allow destination 

managers to monitor emotional dynamics across attractions, ensuring responsive service design and crisis management. 

IV.3 CROSS-LINGUAL AND CULTURALLY ADAPTIVE SYSTEMS 

Language and cultural diversity remain among the greatest challenges in global tourism sentiment analysis. The coming years will 

see widespread deployment of Cross-Lingual Sentiment Analysis (CLSA) models, which use machine translation, multilingual 

embeddings, and zero-shot transfer learning to interpret sentiments across languages with limited labeled data [23]. Research has shown 

that fine-tuned models trained on high-resource languages like English can achieve up to 96% accuracy when adapted to low-resource 

languages such as Arabic or Tamil [24], [25]. Beyond linguistic translation, future sentiment systems must become culturally adaptive, 

incorporating local emotional semantics and indigenous knowledge systems. This shift requires interdisciplinary collaboration among 

linguists, anthropologists, and computer scientists to ensure that AI models reflect diverse worldviews rather than reproducing Western-

centric emotion taxonomies. Such inclusivity will be essential for creating equitable, context-aware sentiment analysis tools that resonate 

with multicultural audiences. 

IV.4 INTEGRATION WITH PREDICTIVE ANALYTICS AND DECISION INTELLIGENCE 

Between 2030 and 2045, sentiment analysis will evolve from descriptive evaluation toward predictive and prescriptive intelligence. 

By combining emotional data with behavioral, transactional, and geospatial information, AI systems will forecast tourism demand 

patterns, destination reputation risks, and visitor satisfaction trends. Techniques such as probabilistic linguistic term sets, multi-granularity 

decision systems, and emotion variance analysis (EVA) are expected to enhance the interpretive granularity of these predictions [26], 

[27]. Integrated with Big Data analytics and decision-support systems, these models will enable policymakers and business leaders to 

conduct scenario planning, for example, anticipating the emotional impacts of climate change, political unrest, or pandemics on tourism 

sentiment. 

IV.5 TOWARD ETHICAL, TRANSPARENT, AND SUSTAINABLE AI 

As AI becomes more pervasive, ethical governance will be central to its sustainable deployment. By 2035, sentiment analysis 

systems are expected to adopt explainable AI (XAI) frameworks that make decision logic transparent to both researchers and end-users. 

Parallelly, privacy-preserving machine learning techniques, such as federated learning and differential privacy, will become standard to 

ensure data protection without compromising analytic performance [28]. Regulatory harmonization across jurisdictions, building on 

frameworks such as the EU General Data Protection Regulation (GDPR) and emerging AI governance acts, will dictate responsible data 

collection, model training, and sentiment interpretation practices. These ethical innovations will not only mitigate bias and misuse but 

also strengthen public trust in AI-driven tourism analytics. 

IV.6 INTERDISCIPLINARY CONVERGENCE AND THE HUMAN-AI COLLABORATION PARADIGM 

The future of sentiment analysis lies in interdisciplinary convergence, where advances in computer science intersect with 

behavioral psychology, linguistics, and tourism studies [29]. Human-AI collaboration will redefine how emotional intelligence is 

operationalized in digital tourism environments. AI agents will increasingly act as empathic interfaces, capable of detecting and 

responding to human emotions in customer service, destination management, and online communication. This will create new roles for 

human experts, such as AI ethics auditors, data curators, and emotion designers, who oversee fairness, transparency, and inclusivity in AI 

systems. By integrating human empathy with machine precision, the tourism sector can foster more personalized, ethical, and emotionally 

resonant experiences. 

IV.7 SUMMARY OF FUTURE DIRECTIONS 

The emerging trends in sentiment analysis for tourism highlight a shift toward more intelligent, inclusive, and human-centered 

systems. Large Language Models (LLMs), such as domain-specific GPT variants, enable real-time interpretation of tourist feedback and 

predictive insight generation. Multimodal analytics, combining text, image, and voice data, provides a holistic view of travelers’ emotions 

and destination experiences. Cross-lingual adaptation through multilingual transfer learning promotes inclusivity and expands global 

market intelligence.  
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Predictive and prescriptive AI systems leverage Big Data to forecast emotions and support proactive decision-making, including 

crisis management. Meanwhile, the rise of ethical and explainable AI ensures transparency, privacy, and compliance in analytical 

ecosystems. Finally, human–AI collaboration merges automation with empathy, fostering more personalized engagement and enhancing 

overall visitor satisfaction in the tourism sector. 

Table 2: Summary of Emerging Trends and Future Directions. 

Trend Description Tourism Implication 

Large Language Models (LLMs) Domain-specific, context-aware models 

(e.g., GPT variants) 

Real-time analysis of tourist reviews and 

predictive insights 

Multimodal Analytics Integration of text, image, and voice 

sentiment 

Comprehensive emotional mapping of destinations 

Cross-Lingual Adaptation Multilingual transfer learning and 

inclusivity 

Broader market intelligence and global reach 

Predictive & Prescriptive Systems Emotion forecasting via AI and Big Data Proactive decision-making and crisis anticipation 

Ethical & Explainable AI Transparent, privacy-preserving models Trustworthy and compliant analytics ecosystems 

Human–AI Collaboration Integration of empathy with automation Enhanced visitor engagement and satisfaction 

Source: Authors, (2026). 

V. ETHICAL, CULTURAL, AND LINGUISTIC CHALLENGES 

As sentiment analysis becomes increasingly integrated into tourism management and policymaking, ethical, cultural, and linguistic 

considerations will play a defining role in shaping its credibility and societal impact. While advanced algorithms such as deep learning 

and Large Language Models have greatly improved accuracy and scalability, they also introduce challenges related to data bias, privacy, 

and cross-cultural misrepresentation. Addressing these concerns is essential to ensure that sentiment analysis remains transparent, 

inclusive, and responsible in its application within the tourism sector. 

V.1 ALGORITHMIC BIAS AND CULTURAL REPRESENTATION 

A major ethical issue in sentiment analysis arises from algorithmic bias, which occurs when AI models inherit distortions 

embedded in their training data. Most sentiment analysis systems are trained predominantly on English-language and Western datasets, 

resulting in models that misinterpret expressions, emotions, or sarcasm from other cultural contexts [30]. This bias can distort perceptions 

of destinations or communities, particularly in multicultural and indigenous tourism settings, where local emotional expressions may 

diverge significantly from standardized sentiment lexicons. To mitigate such risks, future research must emphasize culturally sensitive 

data curation and diversity-aware training frameworks. Approaches grounded in feminist epistemology and critical race theory [31] 

provide valuable foundations for rethinking how cultural perspectives are represented in AI systems. Collaborative initiatives that involve 

local experts and community stakeholders can help develop contextual sentiment lexicons and emotion ontologies that accurately capture 

non-Western affective nuances. 

V.2 LINGUISTIC DIVERSITY AND LOW-RESOURCE LANGUAGE CHALLENGES 

Tourism operates across linguistic boundaries, yet most sentiment models remain heavily optimized for high-resource languages 

such as English, Mandarin, or Spanish. Low-resource languages—including those spoken in Southeast Asia, Africa, and the Pacific 

Islands—suffer from limited annotated data and linguistic resources, reducing the inclusivity of global sentiment analysis [23]. Recent 

progress in Cross-Lingual Sentiment Analysis (CLSA) and transfer learning has shown promise, enabling models trained on one language 

to perform reasonably well on others using multilingual embeddings or machine translation [25].  

However, such systems still risk losing cultural and emotional nuances during translation, particularly when dealing with idiomatic 

or context-specific expressions. To address this limitation, the development of localized NLP models that incorporate region-specific 

datasets and hybrid lexicons is crucial. The creation of multimodal datasets, combining visual, auditory, and textual cues, can further 
compensate for linguistic gaps by leveraging non-verbal indicators of emotion. Ultimately, linguistic inclusivity is not merely a technical 

necessity but an ethical imperative, ensuring that all voices in global tourism are accurately represented. 

V.3 DATA PRIVACY, CONSENT, AND TRANSPARENCY 

The collection and analysis of personal data, such as online reviews, social media posts, and biometric inputs, raise serious data 

privacy and consent issues. Many AI systems used for sentiment analysis process user-generated content without explicit permission, 

challenging international privacy frameworks such as the General Data Protection Regulation (GDPR) and emerging AI governance acts 

[28]. Beyond legal compliance, there are ethical concerns about how this data is used, shared, and potentially monetized. The use of 

commercial AI platforms for qualitative analysis introduces further complications, as proprietary algorithms may lack transparency and 
accountability [32].  

Moreover, anonymization is often insufficient when datasets include geotagged or image-based tourism content that can re-identify 

individuals. Future sentiment analysis frameworks must therefore adopt privacy-preserving machine learning methods such as federated 

learning, which allows models to learn from distributed data without centralizing it, and differential privacy, which adds statistical noise 

to protect sensitive information [33]. Ethical data governance must also include clear consent protocols, traceability of data sources, and 

public transparency reports to build user trust and compliance with global regulatory standards. 
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V.4 ETHICAL ACCOUNTABILITY AND EXPLAINABLE AI 

As AI-driven analytics increasingly influence tourism decision-making, ensuring ethical accountability and explainability becomes 

paramount. Current deep learning models are often considered “black boxes,” making it difficult to interpret how sentiment scores are 
derived [34]. This lack of transparency undermines stakeholder confidence, especially when sentiment insights inform marketing 

campaigns, policy design, or destination reputation management. The adoption of Explainable AI (XAI) frameworks offers a promising 

pathway toward greater interpretability. XAI can make model behavior more understandable by highlighting which linguistic or visual 

features contributed most to a sentiment classification. Such transparency is critical in tourism contexts where decisions can directly affect 

public perception, economic outcomes, and community well-being. Ethical auditing of AI systems, through interdisciplinary teams of 

data scientists, ethicists, and tourism experts, should become standard practice by the 2030s to ensure compliance with both technical 

accuracy and moral responsibility. 

V.5 THE HUMAN DIMENSION: EMOTIONAL LABOR AND AI CO-CREATION 

An often-overlooked aspect of sentiment analysis is the human labor involved in data annotation, validation, and interpretation. 

The reliance on poorly compensated annotators for labeling emotional content raises concerns about digital labor ethics, particularly in 

developing economies. Furthermore, excessive automation risks eroding the human empathy required in interpreting affective data, 

especially in service-oriented industries like tourism. Looking ahead, the focus should shift from replacing human judgment to co-creating 

human–AI partnerships that enhance ethical and cultural understanding. AI systems designed to assist rather than replace human 

evaluators can combine computational scale with emotional intelligence, ensuring that technological progress supports social and ethical 

tourism development. 

V.6 SUMMARY OF ETHICAL, CULTURAL, AND LINGUISTIC CHALLENGES 

Table 3: Summary Of Challenges in Ethical, Cultural, And Linguistic.  

Challenge Key Issue Recommended Mitigation Strategy 

Algorithmic Bias Overrepresentation of Western data leading 

to cultural misinterpretation 

Culturally diverse datasets; inclusion of indigenous 

lexicons 

Linguistic Inequality Limited support for low-resource languages Cross-lingual transfer learning and multimodal data 

integration 

Privacy and Consent Unauthorized use of personal data Federated learning, differential privacy, transparent 

consent mechanisms 

Lack of Explainability Black-box AI models in tourism analytics Explainable AI (XAI) and ethical audit frameworks 

Human Displacement Over-automation of emotional interpretation Human–AI collaboration emphasizing empathy and 

inclusivity 

Source: Authors, (2026). 

V.7 TOWARD RESPONSIBLE AND INCLUSIVE AI IN TOURISM 

Ethical and linguistic inclusivity is not merely a technical requirement but a cornerstone of sustainable tourism analytics. Future 

sentiment analysis models must prioritize fairness, transparency, and contextual sensitivity to ensure that AI-driven insights contribute 

positively to human-centered tourism development. By embedding ethical reflexivity and cross-cultural understanding into their design, 

these systems can strengthen public trust, support equitable participation, and advance the responsible digital transformation of the global 

tourism industry. 

VI. CONCEPTUAL FRAMEWORK FOR FUTURE RESEARCH 

The rapid technological, ethical, and cultural shifts outlined in preceding sections indicate that sentiment analysis in tourism will 

evolve toward a holistic, human-centered paradigm. To guide this transition, this study proposes a conceptual framework for next-

generation sentiment analysis in tourism, referred to as the Human, AI Integrative Sentiment Framework (HAISF). This framework 

synthesizes technological innovation with ethical governance and cultural inclusivity, offering a roadmap for future research and practical 

implementation. 

VI.1 RATIONALE FOR THE FRAMEWORK 

The evolution of sentiment analysis has thus far been driven primarily by technological capability, machine learning algorithms, 

deep learning architectures, and large-scale data analytics. However, this progress has often outpaced consideration of ethical alignment, 

interpretability, and cross-cultural representation. The HAISF model addresses this imbalance by positioning technology, ethics, and 

human–cultural context as interdependent pillars of sustainable AI development for the tourism domain. This integration ensures that 

sentiment analysis systems not only enhance predictive accuracy but also reflect the emotional diversity and ethical integrity necessary 

for trustworthy AI in global tourism applications. 

VI.2 COMPONENTS OF THE HUMAN–AI INTEGRATIVE SENTIMENT FRAMEWORK (HAISF) 

The HAISF consists of five interconnected layers, each representing a critical dimension in future sentiment analysis research and 
practice. 
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Figure 2: Components of HAISF. 

Source: Authors, (2026). 

1. Data Foundation Layer: Diversity and Integrity 

This layer emphasizes the importance of multilingual, multimodal, and culturally representative datasets. Future models should integrate 

data from text, images, voice, and sensor inputs while ensuring data authenticity and privacy compliance. Federated data collection 
methods can preserve user anonymity while supporting continuous learning across decentralized sources. 

2. Computational Intelligence Layer: Adaptive and Explainable AI 

At the core of the framework lies the computational engine powered by hybrid AI architectures, combining deep neural networks, 

transformer models (e.g., GPT, BERT, RoBERTa), and neurosymbolic reasoning. 

This layer prioritizes explainability and interpretability, enabling stakeholders to understand how sentiment decisions are made. By 

adopting Explainable AI (XAI) and neuro-symbolic logic, this component ensures transparent, bias-aware sentiment outcomes. 

3. Ethical Governance Layer: Accountability and Transparency 

This layer operationalizes ethical AI principles by embedding privacy protection, fairness auditing, and accountability mechanisms into 

sentiment workflows. Ethical governance includes compliance with global data protection standards (e.g., GDPR, ISO/IEC 42001), 

ethical auditing boards, and open-source algorithmic transparency. 

Tourism organizations can employ this layer as a responsibility checkpoint, ensuring data-driven decisions align with social and moral 
standards. 

4. Cultural Intelligence Layer: Contextual Sensitivity 

This layer bridges computational and human understanding by embedding local emotion taxonomies, indigenous linguistic markers, and 

culturally adaptive lexicons into sentiment analysis. 

Collaboration between data scientists, linguists, and tourism scholars will allow AI models to interpret affective expressions within their 

correct socio-cultural frames, reducing misclassification and reinforcing inclusivity in global tourism analytics. 

5. Application and Impact Layer: Decision Support and Sustainability 

The top layer focuses on the translation of analytical results into strategic decision-making. It includes applications such as destination 

image management, real-time crisis monitoring, experience personalization, and sustainability evaluation. 

By integrating predictive sentiment trends with behavioral and geospatial analytics, this layer empowers policymakers and tourism 

businesses to act proactively rather than reactively. 

VI.3 FUNCTIONAL DYNAMICS OF THE FRAMEWORK 

The five layers of HAISF interact dynamically rather than hierarchically. Data flows upward, from raw multimodal input to 

actionable insights, while ethical and cultural feedback mechanisms flow downward to recalibrate algorithmic behavior. For example, 

when a system identifies a bias in sentiment interpretation (e.g., misclassification of cultural idioms), the Ethical and Cultural layers can 

trigger adaptive retraining within the Computational layer, leading to iterative model improvement. This feedback-oriented architecture 

ensures continuous alignment between technological advancement and social responsibility. 

VI.4 RESEARCH DIRECTIONS EMERGING FROM THE FRAMEWORK 

The HAISF framework highlights several key research pathways for the next generation of sentiment analysis in tourism. These 

research directions as shown in table 4, collectively illustrate the interdisciplinary nature of future sentiment analysis, spanning computer 

science, social ethics, and tourism management. 
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Table 4: Summary of Research Directions. 

Research Area Proposed Direction Expected Contribution 

Multimodal Sentiment Fusion Combine text, image, audio, and sensor data into 

unified affective models 

Enhanced accuracy and contextual depth in 

tourism experience analysis 

Cross-Lingual and Cultural 

Modelling 

Develop culturally adaptive emotion lexicons 

and multilingual AI models 

Broader global applicability and inclusivity 

Explainable and Trustworthy AI Create interpretable sentiment systems through 

XAI and neuro-symbolic methods 

Increased stakeholder confidence and ethical 

compliance 

Privacy-Preserving Learning Implement federated and differential privacy 

algorithms 

Ethical handling of sensitive user-generated 

data 

Predictive Decision Intelligence Integrate sentiment trends with economic and 

behavioral forecasting models 

Proactive destination management and crisis 

prediction 

Human–AI Collaboration 

Studies 

Explore how humans and AI co-create insights in 

tourism contexts 

Balanced human judgment with machine 

scalability 

Source: Authors, (2026). 

VI.5 THEORETICAL AND PRACTICAL IMPLICATIONS 

From a theoretical perspective, the HAISF advances current understanding by framing sentiment analysis not only as a 

computational task but as a socio-technical ecosystem shaped by human values, language, and culture. It encourages tourism scholars to 

integrate affective computing theory, data ethics, and cross-cultural communication within analytical models. 

 
Figure 3: HAISF Framework. 

Source: Authors, (2026). 

Practically, the framework offers tourism organizations a blueprint for developing AI-driven sentiment systems that are accurate, 

explainable, and socially responsible. When implemented, HAISF can enhance tourist satisfaction analytics, support evidence-based 

marketing, and promote sustainable destination management through emotionally intelligent decision-making. 

VII. CONCLUSIONS 

This study presents the evolution of sentiment analysis in tourism from 2025 to 2045, emphasizing the convergence of Artificial 

Intelligence, Natural Language Processing, and ethical-cultural awareness. It highlights that sentiment analysis has advanced beyond 

basic polarity detection to become multimodal and context-sensitive, capable of interpreting emotions through text, image, and voice 

across diverse linguistic and cultural landscapes. Despite these advancements, ongoing challenges such as algorithmic bias, linguistic 

inequality, and privacy concerns demand a more balanced and responsible approach. To address these issues, the research introduces the 

Human-AI Integrative Sentiment Framework (HAISF), a holistic model that integrates technological innovation, ethical governance, and 
cultural intelligence. The framework reframes sentiment analysis as a socio-technical system, emphasizing adaptive feedback loops 

between human values and AI-driven processes. This theoretical shift contributes to the development of responsible and inclusive AI in 

tourism analytics. 

Practically, the HAISF provides a roadmap for tourism organizations to develop explainable, privacy-preserving, and ethically 

grounded sentiment systems. By adopting such systems, stakeholders can gain real-time emotional insights, enhance marketing and 

service personalization, ensure ethical compliance, and support sustainable destination management. Future research directions include 

the creation of multimodal and cross-cultural datasets, the advancement of explainable AI, the development of emotion taxonomies 

sensitive to cultural diversity, and the exploration of privacy-preserving data governance. Additionally, integrating human empathy with 

AI-driven insights and employing predictive emotional forecasting will further refine tourism intelligence. The future of sentiment 

analysis in tourism lies in integrating human values, ethical principles, and cultural context with computational intelligence. Through this 

alignment, sentiment analysis can evolve into a predictive, empathic, and socially responsible decision-support system, driving 
innovation, trust, and sustainability in the global tourism ecosystem. 
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