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Abstract. This study aims to examine the application of multimodal 

approaches in implicit sentiment detection within the tourism 

sector to support data-driven digital development strategies. This 

review identifies prevailing trends, methodologies, datasets, and 

scientific novelties in multimodal sentiment analysis capable of 

capturing hidden emotions, such as sarcasm and ambiguity, in 

tourist reviews. Using a systematic literature review approach, ten 

core studies published between 2020 and 2025 were analyzed to 

identify prevailing research trends, dominant methodological 

frameworks, commonly used datasets, and emerging scientific 

contributions. Results demonstrate that multimodal deep learning 

models—particularly those employing attention-based fusion and 

contrastive learning—consistently outperform unimodal 

approaches in recognizing nuanced tourist emotions that are not 

explicitly stated in text. Despite these advances, the review reveals 

a significant gap in tourism-specific and Indonesian-context 

studies, as well as an overreliance on general-purpose social media 

datasets. This review provides a conceptual and methodological 

foundation for implementing multimodal implicit sentiment analysis 

in tourism decision-making systems, enabling destination managers 

and policymakers to develop early warning mechanisms for tourist 

dissatisfaction, enhance destination quality assessment, and 

support more targeted and sustainable tourism development 

strategies. 
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1. INTRODUCTION 

 

The development of the tourism sector has significant potential to stimulate regional 

economic growth through increased revenue generation, employment creation, 

investment attraction, and infrastructure development [1], [2]. These impacts are 

particularly pronounced in rural areas, where tourism activities can enhance local 

community income and activate supporting economic sectors [3]. As tourism expands, 

understanding tourist behavior becomes increasingly critical for ensuring sustainable and 

competitive destination development.  Alongside this growth, tourist behavior has 

evolved rapidly due to technological advancements and increased digital connectivity. 

Travelers now rely heavily on online platforms and digital information sources to explore 

destinations, compare alternatives, and share experiences [4]. This transformation has 

reshaped how tourism stakeholders monitor destination performance and respond to 

tourists’ needs. 

 

The widespread use of social media and online review platforms has resulted in a 

substantial volume of user-generated content documenting tourist experiences [5]. These 

online reviews provide emotionally rich information that is valuable for tourism 

practitioners and policymakers seeking to understand tourists’ perceptions and 

satisfaction levels [6]. Platforms such as TripAdvisor have become central sources for 

evaluating destination performance, as they allow users to share opinions, ratings, and 

visual impressions that collectively reflect tourist preferences and experiences [7], [8], [9], 

[10], [11], [12]. 

 

Sentiment analysis has therefore become an important analytical tool for interpreting 

tourists’ opinions expressed in online reviews. Most existing tourism studies rely on text-

based sentiment analysis to classify opinions into positive, negative, or neutral categories 

[13], [14], [15]. While effective for capturing explicitly stated emotions, text-only 

approaches face inherent limitations when tourists’ express opinions indirectly or 

ambiguously. Tourist evaluations often rely on nuanced language, contextual cues, or 

subjective expressions whose meanings cannot be reliably inferred from textual content 

alone. Moreover, tourist sentiment is not conveyed exclusively through text. Images 

uploaded by tourists—such as photographs of destinations, hotel ambience, food quality, 

or surrounding environments—play a critical role in expressing emotional experiences 
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[16], [17]. When analyzed in isolation, textual or visual data may provide incomplete or 

misleading interpretations of tourist sentiment. This limitation has motivated the 

integration of multiple data modalities to better reflect how tourists communicate their 

experiences in real-world digital environments.  

 

These limitations have motivated the integration of multiple data modalities in sentiment 

analysis. Multimodal sentiment analysis combines textual and visual information to better 

reflect how tourists communicate their experiences in real-world digital environments. 

This integration is particularly important for understanding complex emotional 

expressions that emerge from the interaction between what tourists write and what they 

visually depict. Implicit sentiment analysis further complicates this task, as it aims to 

identify emotions that are not explicitly stated and are often embedded in sarcasm, irony, 

or contextual incongruity [18], [19], [20], [21], [22]. With the increasing availability of 

multimodal data on social media and review platforms, integrating textual and visual 

information has become a promising approach to uncovering these hidden emotional 

cues [23], [24], [25], [26]. 

 

Nevertheless, despite the growing availability of multimodal data, research in tourism 

sentiment analysis remains largely focused on explicit sentiment and unimodal 

approaches [27], [28]. Studies addressing implicit sentiment detection have primarily 

concentrated on product reviews or general social media content rather than tourism-

specific contexts [29], [30], [31]. As a result, the potential of multimodal implicit sentiment 

analysis for understanding complex tourist experiences and supporting tourism 

development strategies has not been fully explored. 

 

With the increasing use of social media and online review platforms, data comprising 

both textual and visual content have become increasingly abundant [32][33], reinforcing 

the need to integrate multiple modalities in sentiment analysis. Accordingly, this study 

adopts a Systematic Literature Review (SLR) approach aimed at examining trends, 

methodologies, datasets, and scientific novelties in multimodal sentiment analysis 

capable of detecting implicit sentiment, in order to support more targeted and data-

driven tourism development strategies. 

 

Therefore, this SLR seeks to address the following research questions: 
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1) RQ1: How can Artificial Intelligence–based models be developed to detect 

tourists’ implicit sentiment by integrating textual and visual modalities? 

2) RQ2: Which methods are most commonly employed to analyze implicit 

multimodal sentiment? 

3) RQ3: What types of datasets are predominantly used in multimodal sentiment 

analysis? 

4) RQ4: What forms of scientific novelty and contribution are offered by implicit 

multimodal sentiment analysis approaches in understanding and optimizing 

tourist experiences within the tourism sector? 

 

Despite the rapid growth of sentiment analysis research in tourism, several critical gaps 

remain. First, the existing literature predominantly focuses on explicit sentiment analysis, 

which is insufficient for capturing implicit emotional expressions such as sarcasm, 

ambiguity, and cross-modal inconsistency that frequently appear in tourist reviews. 

Second, although multimodal data combining text and images are increasingly available 

on tourism platforms, their systematic use for implicit sentiment detection in tourism 

contexts remains limited, with most studies concentrating on general social media or 

product-review domains. Third, prior research shows a strong overreliance on general-

purpose datasets (e.g., Twitter, Flickr, Weibo), resulting in limited contextual relevance for 

tourism-specific decision-making, particularly in developing countries such as Indonesia. 

To address these gaps, this study makes several key contributions. First, it provides a 

systematic synthesis of multimodal implicit sentiment analysis research in the tourism 

domain, highlighting dominant architectures, fusion strategies, and emerging 

methodological trends. Second, it explicitly positions implicit sentiment detection as a 

critical analytical dimension for understanding nuanced tourist experiences that cannot 

be captured through text-only or explicit sentiment approaches. Third, this review 

identifies strategic research opportunities for tourism-specific and Indonesian-context 

applications, offering a conceptual and methodological foundation for future model 

development, dataset construction, and the implementation of multimodal sentiment 

analysis in tourism decision-making systems. 

 

This study provides an in-depth description of the literature search process, along with 

the criteria employed to assess the relevance of the reviewed documents. Subsequently, 

the study presents a synthesis of the most relevant studies in relation to the proposed 
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research questions. In the concluding section, a comprehensive discussion and the 

resulting conclusions derived from the analysis are presented. 

 

2. METHODS 

 

2.1. Data Sources and Query 

The article search process began by querying online databases commonly used in 

Systematic Literature Reviews (SLR). Three databases were selected, namely Scopus, 

ScienceDirect, and ProQuest. These databases were selected because they provide broad 

coverage of high-impact journals in information systems, computer science, and tourism 

studies, ensuring access to peer-reviewed and methodologically rigorous publications 

relevant to multimodal sentiment analysis. The authors constructed specific search 

strings for each database. The search string applied in this process was as follows: 

(“Sentiment Analysis” OR “Multimodal Sentiment Analysis”) AND (“tourism” OR “travel 

reviews” OR “tourist behavior”) AND (“text and image” OR “text-image fusion” OR “text-

image integration”) 

 

To ensure consistency, quality, and reproducibility, the search was restricted to articles 

published between 2020 and 2025, reflecting recent methodological developments in 

deep learning–based multimodal sentiment analysis. Only English-language publications 

were included, as English remains the dominant language for international scientific 

communication in artificial intelligence and tourism research. This restriction was applied 

to minimize the risk of misinterpretation and to ensure comparability across studies. In 

addition, the review focused on open-access and institutionally accessible full-text 

articles. This access criterion was adopted to ensure transparency, verifiability, and 

replicability of the review process, allowing all included studies to be independently 

examined and methodologically assessed. Articles without full-text availability were 

excluded due to limitations in evaluating experimental design, datasets, and technical 

contributions. 

 

The identification and selection of literature followed a systematic workflow based on 

the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) 

guidelines, as illustrated in Figure 1. The initial stage involved identifying articles from 

the three primary databases: Scopus, ScienceDirect, and ProQuest. In total, 227 articles 
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were retrieved, comprising 4 articles from Scopus, 120 from ScienceDirect, and 103 from 

ProQuest. 

 
 

Figure 1. PRISMA flow diagram illustrating the systematic stages of the literature 

review process 

 

Prior to the screening stage, 125 articles were removed due to irrelevance, including 2 

from Scopus, 96 from ScienceDirect, and 27 from ProQuest. Consequently, 102 documents 

remained and were further screened to assess preliminary eligibility based on titles and 

abstracts. At this stage, 124 documents were excluded, consisting of 1 from Scopus, 20 

from ScienceDirect, and 50 from ProQuest. 

 



Vol. 8, No. 1, February 2026 

	
 

787 | Multimodal Implicit Sentiment Analysis for Tourism Development: A Systematic ….. 

Subsequently, 31 articles were deemed to meet the initial eligibility criteria and were 

advanced to the full-text review stage. No documents were inaccessible or unavailable 

at this stage. However, following an in-depth assessment, 21 articles were excluded for 

failing to meet the inclusion criteria, namely: 16 articles did not specifically address 

multimodal sentiment analysis, 2 articles did not present experimental results or 

technical evaluations; and 3 articles did not focus on implicit sentiment detection. As a 

result, 10 articles satisfied all inclusion criteria and were further analyzed as part of the 

systematic literature review. 

 

3. RESULTS AND DISCUSSION 

 

Based on the systematic selection procedure using the PRISMA protocol outlined in the 

methodology section, this study identified ten core articles that met the inclusion criteria 

and were subjected to in-depth analysis. These articles comprise experimental studies 

published between 2020 and 2025, with a primary focus on the integration of textual and 

visual modalities in sentiment analysis. A summary of the selected literature is presented 

in the Table 1. 

 

Table 1. Summary of Implicit Multimodal Sentiment Analysis SLR (2020-2025) 

Author & 

Year 
Method 

Research 

Focus 
Dataset Result Limitations 

Yin & Chen 

(2023) [34] 

TF-MMATI: 
RoBERTa-
BiLSTM, 

ResNet50, 
Transformer 

Encoder, DAIMA 
& ADIMA 

multimodal 
attention. 

Multimodal 

sentiment (text 

+ image) 

Twitter-15 & 

Twitter-17. 

Accuracy 

reached 78.66% 

and 72.67%. 

Highly 

dependent on 

complex 

architecture; 

only uses 

Twitter datasets. 

Hu et al. 

(2025) [35] 

QwenLM 

multimodal 

model (image–

text), RoBERTa 

untuk 

sentiment, VR-

based 

emotional 

visualization, 

Multimodal 

sentiment (text 

+ image) 

UGC: 9,207 

texts + 29,742 

images from 

Dianping 

(Qianmen 

Street, Beijing). 

The model is 

capable of 

detecting 

multidimensional 

emotions, 

generating VR 

visualizations 

that increase 

user attention 

and engagement 

Focus on the 

cultural domain; 

do not use 

standard 

benchmarking 

datasets. 
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Author & 

Year 
Method 

Research 

Focus 
Dataset Result Limitations 

eye-tracking 

analysis. 

according to 

eye-tracking 

results. 

Boumhidi, 

Benlahbib 

& Nfaoui 

(2023) [36] 

Sentiment 

XLNet, deteksi 

sarkasme (text 

+ image + 

emoji), 

ResNet50, 

popularity 

score, demand 

score, news-

influence score. 

Multimodal 

data (text, 

images, emojis, 

interactions, 

news). 

Twitter 

The model 

approximates 

the user's 

ground truth 

rating. Sentiment 

accuracy 

improves after 

incorporating 

multimodal 

sarcasm 

detection. 

Small dataset 

(250 tweets per 

asset); highly 

specialized 

domain 

(cryptocurrency); 

sarcasm 

detection is still 

ineffective in 

text alone. 

Yang & 

Chen 

(2023) [37] 

Improved 

PageRank (text 

sentiment), 

ECA-ResNeXt50 

(image 

sentiment), 

cross-modal 

fusion (KL 

divergence + 

dynamic 

weighting). 

Multimodal 

sentiment (text 

+ image) 

Flickr & Twitter 
The accuracy 

reached 88.20%. 

Relatively small 

dataset. 

Yuehua 

Han & 

Zhifen Xu, 

(2024) [38] 

Multi-Granular 

View Dynamic 

Fusion Model 

(MVDFM): BERT 

(teks), ResNet50 

(gambar), 

Dynamic Gated 

Self-Attention, 

Triple-View 

Factorized 

High-Order 

Pooling 

Multimodal 

sentiment (text 

+ image) 

Twitter-2015 & 

Twitter-2017 

Accuracy: 78.78% 

(Twitter-2015), 

73.89% (Twitter-

2017). F1: 74.48% 

& 72.47%. 

Does not 

specifically test 

implicit 

sentiment; 

dataset is 

limited to two 

Twitter corpora. 
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Author & 

Year 
Method 

Research 

Focus 
Dataset Result Limitations 

Silva et al., 

(2024) [39] 

Transfer 

learning pada 

image classifier 

(VGG16, VGG19, 

ResNet50, 

EfficientNetB0); 

CNN 

Developing a 

multimodal 

sentiment 

classification 

framework 

based on 

scene context 

(background, 

objects, and 

facial 

expressions). 

Flickr; 

Instagram; 

Sentiment140 

(text); FI (Face 

Images); B-

T4SA; Emotion6. 

Multimodal 

accuracy 

reached 78.84%, 

higher than 

unimodal. 

Just focus on 

face-related 

visual data. 

Zhizhong 

Liu (2023) 

[40] 

CNN, 

BiLSTM/LSTM, 

DenseNet/VGG. 

sentiment 

classification 

by combining 

visual and text 

features. 

General domain 

multimodal 

dataset (image–

text 

combination). 

The combination 

of DL models 

can strengthen 

multimodal 

representation. 

Complex 

architecture but 

does not show 

strong 

generalization; 

small-scale 

dataset. 

Mu, Chen, 

Li, Dai & 

Dai (2025) 

[41] 

SECIF Model 

BERT (teks), 

ResNet101, 

GMHA, ICN 

(Improved 

Capsule 

Network), 

Cross-Modal 

Interaction, KL 

Divergence + 

Cross-Entropy 

Loss 

Sentimen 

multimodal 

(teks + gambar) 

11.165 post Sina 

Weibo (teks + 

gambar); MVSA-

Single dan 

MVSA-Multiple 

(benchmark). 

Akurasi pada 

dataset Weibo: 

90.86%; pada 

MVSA-Single: 

akurasi 79.10% 

(+6.42% dari 

baseline). 

• Gagal 

memahami 

sarkasme & 

implicit 

sentiment 

secara 

mendalam. 

 

Ling Jixian 

et al 

(2022) [42] 

Embedding, 

BiLSTM, 

Attention, k-

max pooling, 

CNN, XGBoost. 

Multimodal 

information 

classification 

for disaster 

management. 

Weibo, WeChat, 

Twitter, 

Facebook (text 

+ images). 

Accuracy: >85% 

(CN), >95% (EN). 

Does not use 

Transformers; 

multimodal 

fusion is still 

simple; not 

geared towards 

implicit 

sentiment. 
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Author & 

Year 
Method 

Research 

Focus 
Dataset Result Limitations 

Shujun 

Wei & 

Song Song 

(2022) [13] 

CNN, MTCNN, 

VGG16 

 

Sentimen 

multimodal 

(teks + gambar) 

C-Tourism 

(China), T-

Tourism 

(Twitter). 

The combination 

of facial 

expressions and 

text gives the 

best 

performance. 

Does not handle 

implicit 

sentiment & 

sarcasm; face 

detection fails 

on tilted 

poses/occlusion. 

 

3.1. Text- and Image-Based Implicit Sentiment Detection Models for Tourists (RQ1) 

From an architectural perspective, the development of models for detecting implicit 

sentiment follows an integrated framework that involves parallel feature extraction from 

textual and visual modalities. Textual information is typically processed using 

Transformer-based language models such as BERT or RoBERTa to capture contextual 

semantics, while visual content is analyzed using Convolutional Neural Networks (CNNs) 

or Vision Transformers (ViT) to extract high-level visual representations. The extracted 

features are subsequently combined within a multimodal fusion layer—often 

implemented through attention mechanisms or cross-modal interaction modules—to 

model the relationships and potential inconsistencies between text and images. Yin and 

Chen demonstrate that attention-driven interaction modules significantly improve 

performance by modeling fine-grained dependencies between textual and visual 

features, particularly in cases of semantic incongruity that signal implicit sentiment [22].  

 

In tourism-related applications, Wei and Song show that combining facial expressions in 

images with textual reviews improves sentiment classification accuracy compared to 

unimodal approaches, indicating that visual affective cues play a complementary role in 

interpreting tourist emotions [13]. Although their study primarily targets explicit 

sentiment, the architectural pattern aligns with more recent implicit sentiment 

frameworks that emphasize contradiction and alignment between modalities as a core 

signal of hidden emotion [31]. 

 

The workflow begins with the use of Transformer-based models (such as BERT or 

RoBERTa) to capture complex linguistic contexts, while visual features are extracted 

using Convolutional Neural Networks (CNNs) such as ResNet or Vision Transformers (ViT). 
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The core component of this architecture lies in the fusion layer, which is responsible for 

aligning and modeling the interactions between the two modalities. This integration 

process enables the model to identify discrepancies between what is written and what 

is visually depicted, which are key indicators of implicit sentiment, including sarcasm and 

ambiguity in tourist reviews. 

 

Conceptually, this pipeline enables the detection of implicit sentiment through semantic 

mismatch. For instance, a neutral or mildly positive textual statement accompanied by a 

negative visual scene (e.g., poor room conditions or overcrowded attractions) can be 

interpreted as sarcastic or implicitly negative. This mechanism is consistent with findings 

by Liu et al., who demonstrate that multimodal sarcasm detection benefits substantially 

from modeling cross-modal inconsistencies rather than relying on textual polarity alone 

[31]. Therefore, the reviewed literature supports the argument that implicit tourist 

sentiment is best inferred through attention-based or interaction-driven fusion 

mechanisms that explicitly model contradiction and alignment between text and images. 

 

The core function of the fusion layer in such models is therefore not merely feature 

aggregation, but cross-modal alignment and discrepancy detection, which are essential 

for identifying implicit sentiment such as sarcasm, irony, or understated dissatisfaction 

in tourism reviews. Attention-based fusion mechanisms, in particular, allow the model to 

assign greater importance to the modality that provides stronger emotional signals, 

depending on the context of the review. 

 

It is important to clarify that the model illustrated in Figure 2 does not represent a newly 

proposed or empirically trained model. Instead, it is a conceptual framework synthesized 

from the systematic analysis of the reviewed studies. The architecture reflects recurring 

design patterns identified across the ten core articles, including parallel modality 

encoding, attention-driven fusion, and implicit sentiment inference based on cross-modal 

inconsistencies. As such, the model serves as an integrative abstraction that consolidates 

dominant methodological approaches rather than introducing a novel algorithmic 

contribution. 

 

By synthesizing these recurring architectural components, this review highlights how 

existing multimodal sentiment analysis techniques can be systematically adapted to 
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tourism-specific applications, particularly for detecting implicit emotional expressions 

embedded in real-world tourist reviews. 

 
Figure 2. Text & Image-Based Implicit Tourist Sentiment Detection Model 

 

Figure 2 illustrates a Text- and Image-Based Implicit Sentiment Detection Model for 

tourists, which integrates textual and visual analysis to identify implicit sentiment in 

tourist reviews. The process begins with textual input analyzed using BERT/RoBERTa 

models and visual input processed through ResNet/ViT to extract textual and visual 

features, respectively. These features are subsequently combined within a fusion layer 

to detect inconsistencies between textual and visual content, such as sarcasm or 

ambiguity. The final output is an implicit sentiment analysis that determines whether a 

review conveys sarcasm or cross-modal inconsistency. 

 

3.2. Most Commonly Used Methods for Implicit Multimodal Sentiment Analysis (RQ2) 

Based on the review of the selected literature, a clear trend emerges in the choice of 

algorithms for multimodal sentiment analysis, as illustrated in Figure 2. Attention-based 
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fusion methods constitute the most dominant approach (60%), owing to their 

effectiveness in assigning appropriate weights to the most relevant features from both 

textual and visual modalities. Furthermore, the emergence of Contrastive Learning 

techniques (20%) represents a recent innovation aimed at enhancing feature 

representations to become more discriminative in distinguishing hidden emotions. 

Meanwhile, CNN/RNN/Hybrid approaches (20%) continue to be employed as foundational 

methods for conventional feature extraction. These findings indicate that current 

research has shifted from simple fusion strategies toward more sophisticated attention 

mechanisms, which significantly improve detection accuracy when dealing with 

ambiguous datasets. 

 

The systematic review indicates that attention-based fusion mechanisms dominate 

current multimodal sentiment research. Studies such as Yin and Chen report consistent 

performance gains over early-fusion (feature concatenation) and late-fusion (decision-

level integration) approaches. These models dynamically weight modality-specific 

features, allowing the system to prioritize the modality that carries stronger emotional 

signals in a given context [22]. 

 

 
Figure 3. Distribution of Method Categories in Implicit Multimodal Sentiment Analysis 

 

Based on Figure 3 the systematic review of the selected literature, attention-based fusion 

mechanisms emerge as the most dominant and effective methodological approach for 

implicit multimodal sentiment analysis. Compared to simpler fusion strategies—such as 

early fusion through feature concatenation or late fusion via independent modality 

predictions—attention mechanisms provide a more nuanced and context-aware 

integration of textual and visual information. 

0
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The primary reason attention-based fusion outperforms simpler fusion lies in its ability 

to dynamically weight modality-specific features according to their contextual relevance. 

In tourism reviews, emotional cues are often unevenly distributed across modalities. For 

example, a review may contain neutral or ambiguous textual expressions accompanied 

by highly expressive visual content, or vice versa. Simple fusion methods treat all features 

equally, which can dilute critical emotional signals. In contrast, attention mechanisms 

selectively emphasize the modality—or specific features within a modality—that 

contributes more strongly to sentiment interpretation, thereby improving the detection 

of implicit emotions such as sarcasm or understatement. 

 

Furthermore, attention-based models enable fine-grained cross-modal interaction, 

allowing the system to capture semantic alignment or contradiction between textual and 

visual representations. This capability is particularly important for implicit sentiment 

detection, where emotional meaning often emerges from cross-modal inconsistency 

rather than from explicit sentiment markers. Studies reviewed in this SLR consistently 

report higher classification accuracy when attention-driven fusion is employed, especially 

in datasets containing ambiguous or implicitly expressed emotions. 

 

Despite these advantages, attention mechanisms introduce additional computational 

complexity compared to simpler fusion strategies. Attention-based fusion typically 

involves matrix operations whose computational cost increases with feature 

dimensionality and sequence length, leading to higher memory usage and longer training 

times. This complexity becomes more pronounced when Transformer-based encoders are 

used for both text and images, particularly in large-scale tourism datasets with high-

resolution visual content. 

 

However, the reviewed studies suggest that the performance gains achieved through 

attention-based fusion often justify the increased computational cost, especially in 

analytical scenarios where accuracy in detecting nuanced tourist sentiment is prioritized 

over real-time processing. For practical deployment in tourism decision-support systems, 

several studies recommend employing optimization strategies such as dimensionality 

reduction, lightweight attention variants, or pre-trained encoders with frozen layers to 

balance performance and efficiency. 
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The findings indicate that attention-based fusion represents a methodological trade-off 

between interpretive accuracy and computational efficiency. While simpler fusion 

methods remain suitable for resource-constrained environments, attention mechanisms 

are better suited for applications requiring robust interpretation of implicit tourist 

sentiment in complex multimodal data. 

 

3.3. Most Commonly Used Datasets for Multimodal Sentiment Analysis (RQ3) 

Most prior studies employ datasets that integrate both textual and visual modalities, such 

as CMU-MOSEI, the Twitter Multimodal Dataset, TripAdvisor, and Ctrip. These datasets are 

commonly selected because they reflect user expression patterns on social media and 

review platforms, where opinions are accompanied by destination images and informal 

language containing implicit meanings. The datasets utilized by Yin and Chen (n.d.) 

demonstrate particularly high relevance, as they encompass tourist reviews that convey 

emotions through both visual content and experiential narratives [23]. 

 

 
Figure 4. Frequency of Use of Dataset Types 

 

Figure 4 indicates that data sources in multimodal sentiment analysis are still 

predominantly drawn from general social media platforms (such as Twitter and Weibo) 

as well as benchmark datasets like MVSA, primarily due to their abundant data availability. 

Although tourism-specific platforms such as TripAdvisor and Ctrip have begun to be 

utilized, their representation remains relatively limited compared to general-purpose 

datasets. The dominance of generic social media datasets highlights a significant 

36% 

14% 14% 

14% 

22% 

Twitter (Benchmark)

Weibo / Sina Weibo

Flickr / Instagram
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research gap, emphasizing the need to develop tourism-domain-specific datasets that 

are more contextualized and capable of capturing the unique characteristics and nuanced 

emotional expressions of tourists with greater accuracy. 

 

Although tourism-specific multimodal datasets are increasingly recognized as essential 

for accurately capturing tourist sentiment, their collection and use present several 

methodological and practical challenges. One major difficulty lies in data heterogeneity, 

as tourism platforms host diverse forms of user-generated content, including informal 

text, multilingual expressions, emojis, and images with varying visual quality and semantic 

relevance. This heterogeneity complicates annotation processes and reduces consistency 

across datasets. 

 

Another challenge concerns domain specificity and contextual richness. Unlike general 

social media datasets, tourism reviews often contain location-dependent references, 

culturally embedded expressions, and experiential narratives that require domain 

knowledge for accurate sentiment interpretation. Annotating implicit sentiment in such 

data is particularly demanding, as sarcasm or dissatisfaction may be expressed subtly 

through cross-modal inconsistencies rather than explicit sentiment markers. 

Consequently, tourism-specific multimodal datasets are costly and time-consuming to 

curate, leading many studies to rely on readily available general-purpose datasets such 

as Twitter or Weibo. 

 

In addition to technical challenges, the development of tourism-specific multimodal 

datasets raises important ethical and privacy considerations. User-generated tourism 

data frequently include identifiable information, such as faces in images, geolocation 

metadata, or personal travel details. The collection and reuse of such data must therefore 

comply with data protection regulations and platform usage policies. Failure to 

anonymize visual content or remove sensitive metadata can expose users to privacy risks, 

particularly when datasets are redistributed for research purposes. 

 

Ethical concerns also extend to consent and representational bias. Tourists rarely provide 

explicit consent for their reviews and images to be used in machine learning research, 

which raises questions about fair data usage, especially when datasets are collected at 

scale. Moreover, tourism datasets often overrepresent certain destinations, 
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demographics, or travel behaviors, potentially biasing sentiment models and limiting their 

generalizability across regions and cultural contexts. 

 

Several authors highlight the methodological challenges of constructing tourism-domain 

multimodal datasets. Chen et al emphasize that location-specific references, cultural 

expressions, and heterogeneous visual content complicate annotation consistency [34]. 

Nip & Berthelier Ethical and privacy concerns also arise, as tourism images frequently 

contain identifiable individuals or geolocation metadata, requiring careful anonymization 

and compliance with platform usage policies [32]. 

 

Addressing these challenges requires a more responsible and transparent approach to 

dataset construction. Several studies reviewed in this SLR emphasize the importance of 

ethical data sourcing, including the use of publicly available data in accordance with 

platform policies, anonymization of personal identifiers, and clear documentation of 

dataset limitations. Future research is encouraged to develop tourism-domain-specific 

multimodal datasets that balance methodological rigor with ethical accountability, 

particularly for applications in policy-making and destination management. 

 

3.4. Scientific Novelty of Implicit Multimodal Sentiment Analysis (RQ4) 

Implicit multimodal sentiment analysis introduces a new paradigm in the analysis of 

tourist opinions by integrating textual and visual information. Unlike traditional text-

based approaches that focus solely on explicit expressions, multimodal approaches are 

capable of interpreting implicit emotions by exploiting the relationships between text 

and images. Several studies, such as those by Liu et al., demonstrate that the integration 

of Cross-Modal Attention mechanisms and Contrastive Learning enables models to 

capture deeper emotional contexts, including sarcasm, ambiguity, and visual meanings 

that are not explicitly conveyed through textual content [25].  

 

The scientific novelties introduced by implicit multimodal sentiment analysis can be 

summarized as follows: 

1) Expansion of traditional sentiment analysis boundaries, implicit multimodal 

approaches extend conventional sentiment analysis by combining textual and 

visual data to capture hidden emotional meanings that cannot be detected 

through text-only analysis. 
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2) Deep integration of NLP and Computer Vision, the adoption of Transformer-

based models, such as BERT for textual data and Vision Transformers (ViT) for 

visual data, facilitates a deeper integration of Natural Language Processing 

(NLP) and Computer Vision within the tourism domain. 

3) Innovative learning mechanisms for implicit emotion detection, the application 

of Cross-Modal Attention and Contrastive Learning represents a major 

innovation, enabling models to understand semantic and emotional alignment 

between textual and visual modalities, particularly in cases of implicit 

sentiment such as sarcasm or contextual ambiguity. 

 

Most prior sentiment analysis studies in tourism have focused on explicit sentiment 

detection, which relies on overt emotional markers in textual data, such as positive or 

negative adjectives, sentiment lexicons, or polarity scores. These approaches assume a 

direct correspondence between linguistic expressions and emotional states, making them 

effective for clearly stated opinions but limited in handling ambiguity, understatement, 

or sarcasm. As a result, explicit sentiment models often misclassify tourist reviews in 

which dissatisfaction is implied rather than directly expressed, particularly when textual 

cues are neutral but visual content conveys negative experiential signals. 

 

In contrast, implicit multimodal sentiment analysis introduces a fundamental 

methodological shift. Rather than relying solely on explicit textual polarity, implicit 

approaches focus on uncovering hidden emotional meanings that emerge from cross-

modal interactions between text and images. The novelty of this paradigm lies in its 

ability to detect sentiment through semantic incongruity, contextual mismatch, and latent 

emotional cues, such as a positive textual description accompanied by an image depicting 

poor service quality or degraded destination conditions. This capability directly addresses 

a critical limitation of explicit sentiment analysis, which typically treats text as the 

primary or sole carrier of emotional meaning. 

 

From a theoretical perspective, implicit multimodal sentiment analysis extends the 

conceptual boundaries of sentiment research by treating emotion as an emergent 

property of multimodal interaction rather than a direct function of lexical polarity. This 

aligns with earlier work on implicit sentiment and commonsense reasoning in text [18], 
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[19] and expands it into the visual domain, where emotional meaning is often conveyed 

through aesthetic and contextual cues. 

 

Another key novelty is the integration of advanced fusion mechanisms, particularly 

attention-based and contrastive learning approaches, which enable models to 

dynamically prioritize the most informative modality. Unlike explicit sentiment models 

that aggregate features in a static or linear manner, implicit multimodal models capture 

fine-grained alignment and contradiction between modalities. This allows for a more 

realistic representation of how tourists communicate experiences in digital 

environments, where emotions are often conveyed indirectly and visually. 

 

3.5. Conceptual Framework of Contributions 

Based on the synthesis of the reviewed studies, this SLR proposes a conceptual 

framework summarizing the contributions of implicit multimodal sentiment analysis to 

tourism research. The framework consists of four interrelated layers: 

1) Data Layer 

This layer comprises multimodal tourism data sourced from online platforms, 

including textual reviews and accompanying images. Unlike traditional 

approaches that prioritize text-only data, this layer emphasizes the 

complementary role of visual content in expressing tourist emotions. 

2) Analytical Layer  

At this stage, textual and visual data are processed through deep learning 

encoders (e.g., Transformer-based language models and CNN/ViT-based vision 

models). Cross-modal fusion mechanisms—particularly attention-based and 

contrastive learning methods—enable interaction modeling between 

modalities to detect implicit sentiment cues. 

3) Interpretative Layer 

This layer focuses on identifying implicit emotional signals, such as sarcasm, 

irony, and cross-modal inconsistency. By interpreting discrepancies between 

textual intent and visual evidence, the framework extends beyond polarity 

classification to capture nuanced tourist experiences. 

4) Application Layer 

The final layer translates analytical outputs into tourism decision-support 

applications, including early warning systems for tourist dissatisfaction, 
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destination quality assessment, and evidence-based policy formulation. This 

layer highlights the practical relevance of implicit multimodal sentiment 

analysis for sustainable tourism development. 

 

By positioning implicit multimodal sentiment analysis within this conceptual framework, 

this study clearly distinguishes its contribution from prior explicit sentiment approaches. 

Rather than replacing traditional sentiment analysis, implicit multimodal methods extend 

its analytical boundaries, offering a more comprehensive and context-sensitive 

understanding of tourist emotions. This distinction underscores the scientific novelty of 

the reviewed approaches and their strategic importance for future tourism analytics 

research. 

 

The findings of this Systematic Literature Review indicate that implicit multimodal 

sentiment analysis represents an emerging direction for comprehensively understanding 

tourist behavior and experiences. An analysis of the ten core studies reveals that most 

recent research emphasizes the integration of text and image modalities to detect 

emotions that are not explicitly expressed. 

 

The majority of prior studies have focused on explicit sentiment, namely opinions that 

are clearly and directly stated in text. While some research has addressed implicit 

sentiment, it has largely been confined to product reviews or e-commerce domains 

rather than tourism. This study emphasizes cross-modal feature extraction to detect 

implicit sentiment, thereby capturing the nuanced emotional expressions of tourists that 

are often not fully represented by textual descriptions alone. Moreover, this research is 

among the first to apply an implicit multimodal sentiment analysis framework within the 

context of Indonesian-language tourist reviews and Indonesia’s digital social data 

ecosystem. 

 

Despite the significant potential of implicit multimodal sentiment analysis, the review of 

the ten core articles identifies several technical challenges that require further 

investigation: 

1) Cultural and contextual sensitivity limitations, although attention-based fusion 

models demonstrate high accuracy, many existing architectures still face 

substantial challenges in detecting sarcasm and culturally dependent implicit 
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meanings. Tourist sentiment is often embedded in linguistic ambiguity that can 

only be interpreted through a deep semantic understanding of simultaneous 

text–image interactions. 

2) Overreliance on general-purpose datasets, most existing studies continue to 

rely heavily on general datasets such as Twitter, Flickr, or Weibo. This reliance 

creates a research gap, as linguistic and expressive patterns on tourism-

specific platforms (e.g., TripAdvisor or destination-focused reviews) differ 

significantly from those found on general social media platforms. 

3) Limited exploitation of visual ambience and aesthetics, current studies tend to 

utilize image data primarily for object classification or facial expression 

recognition. However, these models remain insufficient in extracting 

“ambience” or aesthetic attributes of destinations, which often serve as key 

implicit indicators of tourist satisfaction. 

 

The findings of this Systematic Literature Review provide a strategic foundation for data-

driven tourism development through the integration of textual and visual information. 

Such integration enables the mapping of destination quality based on tourists’ visual 

perceptions beyond explicit textual evaluations. Furthermore, the detection of sarcastic 

and implicit sentiment functions as an early warning system for destination managers, 

allowing them to respond proactive 

 

3.6. Discussion 

This Systematic Literature Review synthesizes evidence from ten core studies to 

demonstrate that implicit multimodal sentiment analysis represents a critical 

methodological advancement for understanding nuanced tourist emotions. Across the 

reviewed literature, a consistent pattern emerges in which Transformer-based textual 

encoders and CNN/ViT-based visual models are integrated through attention-driven or 

contrastive fusion mechanisms to capture cross-modal alignment and semantic 

incongruity. This synthesis indicates that sentiment in tourism contexts should be 

conceptualized not as a direct function of lexical polarity, but as an emergent property 

of interaction between what tourists express verbally and what they visually document. 

By consolidating these findings, this study positions implicit multimodal analysis as a 

bridge between traditional sentiment analytics and experiential interpretation, enabling 

a more holistic representation of tourist perceptions and destination quality. 
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Despite these methodological advances, the synthesis reveals structural limitations that 

constrain theoretical generalization and practical deployment. First, the dominance of 

general-purpose datasets (e.g., Twitter, Weibo, MVSA) limits the contextual validity of 

models for tourism-specific applications, where emotions are shaped by cultural norms, 

place-based references, and experiential narratives. Second, current models prioritize 

object-level or facial-expression features, while underexploring higher-order visual 

attributes such as ambience, spatial aesthetics, and environmental context, which are 

often central to implicit tourist satisfaction or dissatisfaction. Third, although attention-

based fusion improves performance, it also increases computational complexity, creating 

a gap between experimental success and real-time implementation in tourism decision-

support systems. 

 

Future research should therefore move in three strategic directions. Methodologically, 

there is a need to develop lightweight and interpretable fusion architectures that retain 

the representational power of attention mechanisms while reducing computational 

overhead. From a data perspective, constructing tourism-domain-specific multimodal 

datasets—particularly in underrepresented regions such as Indonesia—should be 

prioritized, with annotation schemes explicitly designed to capture sarcasm, cultural 

nuance, and cross-modal inconsistency. Ethically grounded data governance frameworks 

must also be integrated to address privacy, consent, and representational bias in the use 

of user-generated visual content. 

 

Theoretically, future studies should extend implicit sentiment models toward experiential 

intelligence, incorporating commonsense reasoning, spatial semantics, and affective 

computing to better model how tourists perceive and emotionally evaluate destinations. 

Practically, longitudinal and real-time deployments of multimodal systems could be 

explored to support early warning mechanisms for destination management, adaptive 

marketing strategies, and sustainable tourism policy formulation. By advancing along 

these directions, future research can transform implicit multimodal sentiment analysis 

from a predominantly technical innovation into a robust analytical foundation for 

evidence-based and context-sensitive tourism development. 
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4. CONCLUSION 

 

This study synthesizes recent advances in implicit multimodal sentiment analysis and 

demonstrates their value for capturing nuanced tourist emotions that extend beyond 

explicit textual polarity. By integrating textual and visual modalities through attention-

based and contrastive fusion approaches, the reviewed literature highlights how cross-

modal alignment enhances the interpretability and predictive accuracy of sentiment 

models in tourism contexts. However, the findings also reveal persistent gaps, particularly 

the limited availability of tourism-specific multimodal datasets and the high 

computational complexity of state-of-the-art architectures, which constrain real-world 

adoption. To translate these methodological insights into practice, policymakers and 

destination managers should support the development of ethically governed, region-

specific multimodal data infrastructures and invest in scalable analytical systems that 

can inform evidence-based tourism planning and sustainable destination management. 

 

The primary contribution of this study lies in identifying the potential application of 

multimodal sentiment analysis within the Indonesian tourism context, which has 

remained largely underexplored. The review demonstrates that leveraging multimodal 

digital data provides a strategic foundation for stakeholders to assess destination quality 

based on authentic visual perceptions, develop early warning systems for tourist 

complaints, and optimize marketing strategies through content personalization. 

 

Nevertheless, this study also identifies several challenges, including the heavy reliance 

on general-purpose social media datasets and the limited capability of existing models 

to deeply extract aesthetic or “ambience-related” aspects of destinations. Therefore, 

future research is expected to focus on the development of tourism-domain-specific 

datasets for Indonesia, as well as the enhancement of model architectures capable of 

understanding cross-modal semantic interactions in a more contextualized manner, in 

order to support the sustainability of national tourism development strategies. 
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