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This study is related to online reviews- publicly available from the 
northeastern states of India, that includes Sikkim, Meghalaya, Arunachal 
Pradesh, Assam, Nagaland, Mizoram, and Manipur. In this paper, we evaluate 
the impact of sentiment analysis for improving tourism decision-making. It 
addresses the limitations of traditional surveys for capturing emotional and 
informal experiential insights. Open-access datasets from TripAdvisor, 
Reddit, and travel blogs (GitHub) were systematically tokenized, lemmatized, 
and stop-word-free text was used to derive clean and interpretable textual 
input. NRC Emotion Lexicon was used for understanding the emotional tone, 
while VADER and TextBlob derived sentiment polarity, resulting in the 
generation of a state-wise sentiment index. The K-means clustering method 
helped in the segmentation of Emotion and experience themes. Results reveal 
a favourable attitude towards Sikkim and Meghalaya due to natural beauty 
and hospitality, whereas Assam and Nagaland reflected mixed sentiments due 
to infrastructure limitations. Dominant feelings of Joy, trust, and surprise 
were associated with positive sentiments, while sadness and dislike were 
related to service issues. The study determined the role of AI-driven 
sentiment analytics for enhancing destination branding, service 
improvement, and policy planning, which can support a strong foundation for 
data-based decision making for the growth of tourism in these regions.  
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1. Introduction 
 

Sentiment analysis, in plain words, denoted as  "the computational study of opinions, emotions, 
and attitudes stated in text" [1], has evolved as a critical tool across various domains. In other words, 
[2] regarded it as the detection of sentiment polarity and subjectivity, while others [3] related it to 
real-world marketing applications and exactness. Another researcher [4] discussed its evolution by 
stating the primary problems associated with its application. Feature extraction [5] and syntax-
content models [6] advanced enhanced classification, and performance were further associated with 
embeddings and emotion integration  [7, 8]. Some of the comparative studies [9] and unsupervised 
detection [10] exhibited methodological advances in this direction. Some of these applications 
include social media[11], healthcare  [12], finance [13], and tourism [14]. Empirical research [15-17] 
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also highlights the relevance of sentiment analysis for the interpretation of perceptions in from the 
perspective of tourism in North-East India.  

Sentiment analysis can be used for recording, understanding, and evaluating human views, 
opinions, and experiences for social, commercial, and other contexts [18, 19, 1]. Other studies [20] 
demonstrate its relevance in marketing, whereas others [21, 22] applied it for evaluating 
neighborhood and environmental perceptions, respectively. In addition, experts also asserted its 
relevance to tourism [23, 14]. In terms of methodologies, advancements include feature extraction 
[24], ontology-based methodologies [25-27], multimodal strategies[28], embeddings [29], classifier 
ensembles [30], and affective computing [19, 31]. From a business perspective, Sentiment analysis is 
becoming relevant across various domains, such as advertising, social media, e-learning, and energy 
and climate [32-35]. Thus, Sentiment analysis acts as a tool of interpretation of tourist attitudes, 
experiences, and fulfills the need for data-driven decision-making in the travel industry. In addition, 
experts [36] also reviewed conceptual and methodological developments in hospitality and tourist 
sentiment analysis, while others [14] highlighted the importance of big data for destination 
management. In addition, others [37] applied semantic clustering for tourism recommendation 
systems and evaluated automated sentiment analysis approaches, discovering methodological 
variations in its usage[38]. It was observed that feature-based sentiment analytics were related to 
negative reputations and tourist experiences for different regions [39, 40]. Social media-based 
sentiment research also recognized tourists' attitudes during COVID-19 [41, 42] and air quality 
concerns [43]. More detailed research revealed applications such as TripAdvisor and Twitter analytics 
that measured loyalty, engagement, and decision-making [44-47], besides fuzzy framework models 
that labeled travel safety insights [48]. While some experts [49] pointed to user-generated content 
as the main source of knowledge for decision making, others [50] pointed to its platform-specific 
implications. These studies emphasize the significance of sentiment analysis for tourism planning, 
marketing, and tourist experience management.  

 
1.1 Motivation for selecting North-East India as a case study 

 
The northeastern states of India are known for their richness in cultural diversity, natural 

landscapes, and undiscovered destinations, and remain unexplored as favored tourism destinations. 
No prior studies have been conducted in these regions, although it provides an excellent avenue for 
tourism development. The present work proposes using user-generated content from internet 
platforms and social media to support destination management strategies, marketing strategies, and 
policy development exclusively for these attractive regions. Furthermore, sentiment analysis can 
serve as an efficient tool for developing solutions in terms of accessibility, sustainability, and the 
promotion of region-specific attractions of the northeastern states of India.  

 
1.2 Contribution of the current research  
 

The present work serves as a step forward in meeting the goals of promoting northeastern Indian 
tourism by using sentiment analysis for the development of region-specific insights. In this respect, 
section 2 addresses contextual and cultural variations using the integrated tools of text mining, NLP, 
opinion mining, polarity detection, emotion classification, and aspect-based techniques. In Section 3, 
machine learning and deep learning methods comprising advanced neural architectures (LSTM, BERT, 
FinBERT) and conventional models (Naïve Bayes, SVM, Random Forest) were evaluated utilizing 
reliable performance metrics. Section 4 implements the methodology to the North-East India case 
study, gathering data from tourist reviews, social media, and travel platforms, initial processing, 
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feature engineering, and model application. Section 5 discusses analysis research methodologies 
stagewise. Section 6 involves sentiment score, polarity, emotional patterns, and visualization analysis 
results, while Section 7 discusses the main findings and related discussions. Section 8 addresses 
sentiment analysis's effects on tourism policy and practices, and Section 9 concludes with 
recommendations. 

 
2. Sentiment Analysis: Concepts and Framework 

 

2.1 Definition and theoretical foundations of sentiment analysis 
 
Sentiment analysis, also known as opinion mining, is a part of natural language processing that 

identifies, extracts, and classifies subjective information from textual data [15]. Research [19] often 
associates sentimental analysis with the assessment of emotional intensity in different languages and 
exhibits sentiment polarity ( positive, negative, or neutral). Sentiment analysis is domain specific 
analyses of user-generated content, such as reviews, social media posts, and comments, which 
capture public opinion and emotional trends.  

It uses linguistic principles besides syntactic and semantic analysis for meaning extraction and 
emotions expressed through language [51]. Approaches such as part-of-speech tagging and 
dependency parsing help in the identification of emotional lexicon. Sentiment analysis has its 
fundamental roots in emotional science, which explores human emotions and attitudes [52]. It begins 
with the text as an input reflecting the writer's emotional or evaluative state and then integrates 
computational models with emotion-based psychological theories for deriving patterns for 
generalization. This analysis uses both machine learning and statistical learning techniques to reveal 
sentiment patterns from a computational perspective [53]. The prior methods were lexicon-based, 
which are now transformed into deep learning and transformer-based models [54]. In this context, 
clues related to Social, cultural, and contextual norms, such as idioms, sarcasm, and cultural 
metaphors, jointly influence sentimental perception. Therefore, the meanings of cultural and 
contextual aspects are needed for emotion modeling. In this regard, emotional indicators found in 
textual communication exhibit group sentiments or perceptions, necessary for predictive analytics in 
marketing, politics, and tourism.  

 
2.2 Text mining, natural language processing, and opinion mining techniques 
 

Text mining refers to the integrated approach that involves statistical and computational 
techniques to identify significant patterns and insights in unstructured textual material. It reveals 
hidden patterns in large text databases by the use of data mining, information retrieval, and linguistic 
processing [55, 56]. Some of the common utilities include social media analytics, patent discovery, 
and the study of scientific literature [57]. Evidence can be extracted using text mining, and new trends 
in emotions can also be discovered with automated information extraction [58]. Text mining has 
evolved from natural language processing(NLP) and understands, interprets, and generates human 
language for spoken language and written data [59, 60]. BERT and GPT are some of the latest 
advancements that have significantly improved language development and contextual 
understanding  [61, 62]. Some of the most popular NLP applications include healthcare, industrial 
automation, and information systems, which convert raw textual data into meaningful insights [63, 
64].  
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2.3 Polarity detection, emotion classification, and aspect-based sentiment analysis 
 
Aspect-based Sentiment Analysis (ASBA) has evolved as a major approach for sentiment analysis, 

enabling the understanding of attitudes toward specific qualities in each text and the identification 
of complex sentiment expressions through lexical, syntactic, and semantic approaches [65]. Deep 
learning architectures like BERT, GRU, and Graph Convolutional Networks enable aspect extraction 
and polarity classification in multilingual environments. It also deals with comprehension and aspect 
detection with advancements in aspect extraction and polarity classification in multilingual 
environments. Adaptive and domain-independent lexicon frameworks were further developed for 
contextual comprehension and aspect detection [66, 10]. Topic modeling and semantic 
augmentation are hybrid models that improve interpretability [67]. These models were used for 
reputation management and behavioral insights in the travel and hospitality industries [68, 69], 
although concerns regarding domain adaptation and aspect granularity continue to exist [70].  

Context-based review evaluation is related to sentiment polarity in different areas, whereas 
emotions are related to linguistic, cultural, and situational factors. Both analyses are derived from 
user content in social media, dialogues, and marketing campaigns as seen during COVID-19 
discussions, Setswana texts, diverse digital marketing contexts, and other cross-cultural 
methodologies [71, 72]. Recent reviews reflect the use of deep learning methods, generalization 
issues, and modern approaches for scalable, context-sensitive sentiment models [73, 74]. Emotion- 
based theoretical studies further support the understanding of emotional reactions and model 
development [75]. These literatures highlight the potential of context-aware sentiment analysis in 
integration with artificial intelligence for accurate, interpretable, and culturally responsive results. 

 
2.4 Machine Learning Techniques for Sentiment Analysis 
 

Both machine learning(ML) and deep learning utilize advanced techniques for pattern 
recognition, forecasting, and decision-making across diverse fields. While standard traditional 
machine learning algorithms can be used for structured data analysis, deep learning models are used 
for automatic extraction of hierarchical features for large-scale text classification, image analysis, and 
drug discovery [76-78], using more computing power [79, 80]. Some applications of deep learning 
(DL) include medical diagnostics, intrusion detection, and material property prediction [81, 82]. ML 
and DL can also be integrated for model selection, optimization, and interpretability, which suggests 
a shift in momentum toward intelligent, data-driven solutions [83]. 

Random Forests, Support Vector Machines (SVM), and Naïve Bayes are some of the traditional 
tools for regression, classification, and predictive analytics. Naïve Bayes classifiers deal with text 
classification, intrusion detection, and sentiment analysis, with additive features of selective, non-
parametric, and hidden multiclass variants for improvement in performance in text classification, 
image analysis, and drug discovery  [84, 85,86]. Other advanced features with SVM solvers ,smooth 
SVMs, Kernel methods are also available for pattern recognition, image classification, feature 
selection and margin maximization[87]. Feature learning, optimization strategies, and  random 
forests acts as ensemble learners  for applications of groundwater mapping, bioinformatics, and 
remote sensing [88-90]. 

These models act as basic standards for  modern machine learning and deep learning applications 
that include advanced neural architectures, such as Long Short-Term Memory (LSTM) networks, 
BERT, and FinBERT.LSTM networks were developed for capturing long term dependencies and 
managing gradient problems in recurrent neural networks, as observed during time-series 
forecasting, energy consumption prediction, hydrology, and emergency event detection [91-94]. 
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Another pre-trained model known as BERT has been used for text categorization, finding fake news, 
recognizing sarcasm, and aspect-based sentiment analysis in the sectors of biomedical research, 
social media, and cybersecurity [95, 96]. In Finance, it serves as a tool for predicting market 
sentiments, analyzing financial texts, and assessing risk [97,98]. These models have a significant 
impact on both general-purpose and domain-specific natural language processing tasks.  
 
2.5 Performance metrics and model evaluation criteria 

 
In the present work, the Sentiment Polarity Scores (Positive, Neutral, Negative) indicator was 

used to measure overall tourist satisfaction and emotional tone of reviews during sentiment analysis. 
Similarly, the percentage distribution of sentiment classes by state indicator compares regional 

sentiment trends and identifies state-level differences during aggregated sentiment distribution 
analysis. The Topic Coherence Score indicator reveals the significance of the concepts and the 
extracted keywords using the topic modeling algorithm. The most dominant topics per state serve as 
a metric for identifying primary visitor concerns, interests, and attractions. It underlines tourist 
experiences unique to each state, including eco-tourism, cultural heritage, festivals, and adventurous 
activities. The Silhouette Score measures distance within and between clusters using K-means 
clustering analysis. These variables support the analysis of the variance by evaluating web-scraped 
reviews from seven Northeastern states and identifying patterns of satisfaction, destination image, 
and emotional tone. Thematic alignment of clusters integrates data-driven clusters with relevant 
tourism categories during cluster analysis. These indicators enable the identification of gaps by 
evaluating web-scraped reviews from seven Northeastern states and determining patterns of 
satisfaction, destination image, and emotional tone.  

This work helps to fulfill the objectives of (1) measuring sentiment polarity across states, (2) 
identifying dominant emotions and visitor-related problems, and (3) segmenting locations based on 
review patterns. It also aligns results with proposed actionable insights for tourism policy, marketing, 
and sustainable destination development. 

 
3. Case Study: Sentiment Analysis of Tourism in North-East India 

 
In this study, we select the Northeastern states of India as they offer distinct ecological, cultural, 

and socioeconomic qualities distinct from other tourism destinations within the country. 
The region includes Sikkim, Assam, Meghalaya, Arunachal Pradesh, Manipur, Mizoram, and 

Nagaland, is well-known for its biodiversity, beautiful landscapes, and rich cultural legacy, offering a 
diverse range of activities from eco-adventure and rural tourism to cultural festivals and tribal 
heritage.  

North-eastern states have not yet been explored in terms of tourism and remain 
underdeveloped. Challenges such as infrastructural limitations, seasonal accessibility problems, and 
limited digital promotion dominate the underdevelopment of these tourism destinations. State- 
specific variations may exist and need to be explored to generate valuable insights for ensuring the 
growth of these regions in different proportions. 

The present work is motivated to uncover the knowledge in this domain using relevant methods, 
which include sentiment analysis, topic modeling, and clustering.  

Preliminary research indicates multiple data sources of views and opinions of tourists returning 
from these destinations. These sources include tourist reviews, social media platforms, travel 
websites, and other open-access datasets. Tourist reviews include feedback from travelers available 
on tourist review websites such as TripAdvisor, which provides detailed information on lodging, 
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activities, and services, with different degrees of satisfaction. New perspectives on thoughts, 
experiences,  destination preferences, and emotional reactions can also be gathered from social 
media posts and comments on websites such as Reddit, travel blogs, etc. The data collected from 
these sources [99] provides the initial dataset for further analysis and discussion. This dataset consists 
of both structured and unstructured content, which can be analyzed for sentiment generation, 
thematic interests grouping, and state-specific patterns. Further, we propose to use feature 
engineering to ensure the high quality of input data for better analytical results. We also need to 
transform the text content to lowercase to preserve consistency. Semantic consistency is achieved 
using tokenization and lemmatization. Sentiment analysis on the processed dataset was represented 
using numerical sentiment features as subjectivity metrics and polarity scores. Dominant terms in 
the text with higher TF-IDF can be extracted from the document-term matrix. Visualization charts 
such as Radar charts, Parallel coordinates plots, and t-SNE Projection reveal insights on state-based 
dominance of facts and are suitable for inter-state comparison. The current research discusses these 
tourism patterns and discovers a rich and robust framework in reflecting the complexities of tourist 
experiences. 

 
4. Methodology  
 

4.1 Method used  
 

The investigation on the tourism dataset was conducted stagewise: 
Stage 1: In the first stage, we extracted tourism-related text data from TripAdvisor, Reddit, travel 

blogs, and other social media sources and stored them in an open-access dataset [99]. 
 
Stage 2: In the next stage, we cleaned and normalized the raw text and converted all the text 

content to lowercase. This was immediately followed by splitting text into words or tokens, where 
 

𝑇𝑜𝑘𝑒𝑛𝑠 = 𝑠𝑝𝑙𝑖𝑡(𝑅𝑒𝑣𝑖𝑒𝑤) (1) 
Further, stop-word removal was initiated, with 

𝑇′ = 𝑇 − 𝑆 (2) 
where 𝑇= total tokens, 𝑆= stopword set. 
This was preceded by the lemmatization of transformed words to their root forms, wherein terms 

such as “travelling” and “traveled” were regarded as “travel”. 
 
Stage 3: In this stage, two principal feature representations were applied: 

i.  TF-IDF (Term Frequency–Inverse Document Frequency): 

TF-IDF(𝑡, 𝑑) = TF(𝑡, 𝑑) × log⁡(
𝑁

DF(𝑡)
) ( 3) 

where 𝑇𝐹(𝑡, 𝑑)= term frequency in document 𝑑, 
𝐷𝐹(𝑡)= number of documents containing the term⁡𝑡 , 
𝑁= total number of documents. 

ii. Word Embeddings (Word2Vec/BERT): 
Each token was mapped to a dense vector 𝐯𝐢 ∈ ℝ𝑛, enabling semantic representation 
 
Stage 4: Sentiment scoring was represented by Sentiment polarity (𝑃) quantifies the positivity or 

negativity of a review.  
i. Lexicon-based methods (e.g., VADER/TextBlob): 

    Each word 𝑤𝑖 has an assigned polarity score 𝑠(𝑤𝑖) ∈ [−1,+1]. 



Applied Decision Analytics 

Volume 2, Issue 1 (2026) 103-123 

109 
 
 

    The overall sentiment polarity for a review 𝑅is: 

𝑃𝑅 = ∑ 𝑠(𝑤𝑖)
𝑛

𝑖=1
 (4) 

where 𝑃𝑅 > 0→ Positive, 𝑃𝑅 < 0→ Negative, 𝑃𝑅 = 0→ Neutral. 
ii. Compound Sentiment Score (VADER): 

𝐶𝑅 =
∑𝑠(𝑤𝑖)

2+𝛼

∑𝑠(𝑤𝑖)
 (5) 

with 𝛼 = 15(normalization factor). 
 

Stage 5: Beyond polarity, emotion classes (e.g., joy, anger, surprise) were extracted using NRC 
Emotion Lexicon.  

For review 𝑟, We computed : 

Etype(𝑅) =
Total Words(𝑅)

Countemotion(𝑅)
 (6) 

allowing computation of emotional intensity per review. 
 

Stage 6: For Aggregation and State-wise Analysis, State-level sentiment index (𝑆𝐼𝑠𝑡𝑎𝑡𝑒) was 
computed as: 

𝑆𝐼state =∑ 𝑃𝑅𝑗
𝑚

𝑗=1
 (7) 

where 𝑚= total reviews for a given state.  
The aggregation resulted in a comparative sentiment covering Sikkim, Assam, Meghalaya, 

Arunachal Pradesh, Nagaland, Mizoram, and Manipur. 
 

Stage 7: K-Means was used for thematic and emotional groupings for clustering and visualization.  

𝑚𝑖𝑛𝐽 =∑ ∑ ‖𝑥 − 𝜇𝑖‖
2

𝑥∈𝐶𝑖

𝑘

𝑖=1
 (8) 

where 𝐶𝑖= cluster, 𝜇𝑖= cluster centroid. Results were visualized using word clouds, polarity 
distribution plots, and sentiment heatmaps. 

 
Stage 8: For model evaluation,  
Performance metrics (Accuracy, Precision, Recall, and F1-score) were computed as: 

Accuracy =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝑇𝑁+𝐹𝑁
 (9) 

Precision =
𝑇𝑃

𝑇𝑃+𝐹𝑃
 (10) 

Recall =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (11) 

F1 =
2×Precision×Recall

Precision+Recall
  (12) 

 
Therefore, this multi-stage sentiment analysis pipeline enabled a structured, explainable, and 

comparative understanding of tourist satisfaction, emotional tone, and destination image across 
North-Eastern India (Figure 1). 
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Fig. 1. Tourist review sentiment pipeline(Source: Author Analysis) 

 

5. Results and Discussion 
 

5.1 State-Wise Word Cloud  
 

The word cloud visualizations for tourist evaluations across the seven North Eastern states of 
India (Sikkim, Mizoram, Manipur, Nagaland, Arunachal Pradesh, Assam, and Meghalaya) reveal 
common lexical patterns based on terms such as "tour," "group," "5," "adult," and "TripAdvisor." 
Tourists appreciate group travel and ratings-focused chat, as per language classification.. State-
specific terms like “Gangtok” in Sikkim and “Shillong” in Meghalaya indicate local visitor interests. 
These findings prepared the stage for attitude analysis and regional tourism planning (Figure 2). 

 

Fig. 2. Word cloud for seven states ( Source: Author analysis) 

 
5.2 State-Wise Dominant Words and Heatmap  
 

Tourist evaluations in Mizoram, Sikkim, Arunachal Pradesh, Meghalaya, Nagaland, and Manipur 
commonly included travel-related keywords like “trip,” “group,” “tour,” and “experience.” Region-
centric attractions are emphasized by place-specific references, such as "Gangtok" in Sikkim and 



Applied Decision Analytics 

Volume 2, Issue 1 (2026) 103-123 

111 
 
 

"Aizawl" in Mizoram. This identical linguistic pattern across states points to a similar tourism 
narrative, providing the framework for comparative sentiment analysis and destination-specific 
marketing strategies for Northeast India (Table 1). 
 
Table 1  
Dominant words for Indian Northeastern states  
Words Arunachal Assam Manipur Meghalaya Mizoram Nagaland Sikkim 
Top 1 tour tour tour tour Tour tour sikkim 
Top 2 group group group group Visit group tour 
Top 3 visit adult visit tripadvisor Tripadvisor visit group 
Top 4 nights hyderabad adult shillong honeymoon adult visit 
Top 5 honeymoon price price visit Family price gangtok 
Top 6 patna varies varies adult Packages varies tripadvisor 

Top 7 family visit toursfroma ‚ 
¹per 

price Reach shillong lake 

Top 8 pradesh toursfrom‚ 
çπper 

tripadvisor varies Mizoram meghalaya places 

Top 9 india tours meghalaya bubbles Group toursfroma ‚¹per adult 
Top 10 packages city shillong meghalaya India tripadvisor darjeeling 
Top 11 arunachal tripsfrom‚ 

çπper 
packages tours Travel honeymoon india 

Top 12 trip temple family honeymoon contributions packages pelling 

Source: Calculated by author 

 
Terms such as “trip,” “tour,” “travel,” and “experience” were commonly identified for all the 

Indian Northeastern states. State-level lexical terms such as “Gangtok” for Sikkim and “Aizawl” reflect 
the most favored destinations of visit based on tourist review text contents. Major high-frequency 
clusters in Assam and Sikkim suggest an increase in tourism activity or content volume in text 
contents. Results exhibit linguistic evidence for both shared and distinctive experiential descriptions 
that can be used for planning destination marketing and regional tourism initiatives (Figure 3). 
 

Fig. 3. Heatmap of Dominant Words ( Source: Author analysis) 
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5.3 Polarity Score Distribution (Histogram or Violin Plot) 
 
Polarity scores reflect the range of reviews in positive and negative sides.  Consistent favorable 

trends were observed (Assam-Arunachal Pradesh: 0.17-0.31). Most of the sentiments observed were 
positive, highlighting the positive experiences among tourists. This trend clearly indicates the 
optimism among tourists for these destinations. These trends can be utilized for planning and 
decision-making in destination branding strategies for this region in India (Figure 4). 
 

Fig. 4. Overall sentiment polarity per state ( Source: Author analysis) 
 

5.4 Parallel Coordinates Plot  
 

The review length, polarity, and subjectivity are the three observed normalized sentiment 
variables for tourist reviews across seven states in Northeastern India (Figure 4). Arunachal Pradesh 
exhibits intense emotions and favorable sentiments with major variations between personal and 
professional interpretation. In contrast, reviews for Assam and Nagaland showed a trend towards 
objective or impartial narratives with a lower level of favorability. High positive perception among 
toursits for these states suggests the scope of sustainable tourism through effective destination 
branding (Figure 5). 
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Fig. 5. Parallel coordinates plots (Source: Author Analysis) 

 
5.5 State-wise Emotion using Radar chart   

 
Common use of phrases such as “tour,” “group,” and “bubbles”  reflects a growing trend among 

reviewers for organized travel and memorable experiences. These words highlight the impact of 
planned tours and travel on customer satisfaction and customer delight(Figure 6).  

Fig. 6. Radar Charts showing state-wise Emotions (Source: Author Analysis) 
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5.6 Hierarchical Clustering Dendrogram 
 

Linguistic and experience-based segmentation reflect distinct categories of experiences as 
suggested by the reviews of visitors for these states. While Arunachal Pradesh and Mizoram are 
grouped under cultural-linguistic preferences, Assam demonstrates the greatest lexical variation. 
Major reasons for variation can be diverse tourist demographics or unique factors like pricing and 
adult-oriented experiences. Sikkim and Nagaland, grouped, reflect differences from the central 
cluster. This analysis reveals the interstate differences in review semantics and tourist conversations 
(Figure 7). 

 

 
Fig. 7. Hierarchical clustering of  Indian northeastern states ( Source: Author analysis) 

 

5.7 t-SNE Projection of Reviews 
 

The t-SNE projection represents a two-dimensional visualization of high-dimensional textual 
patterns for tourist reviews in the seven Northeastern Indian states. Sikkim and Mizoram signify a 
focused and localized cluster, with similar subject matter or common visitor experiences. Reviews for 
Assam and Meghalaya describe major differences in perceptions of landscapes, distinct attractions, 
and distinct visitor demographics. Arunachal and Nagaland showed visitors’ perception of uniformity 
in common linguistic traits and tourism outlooks. Language-based interstate variations were also 
observed within the distinct groups based on perceptions and expectations of visitors or 
reviewers(Figure 8).  

 

 
Fig. 8. t-SNE chart ( Source: Author analysis) 
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5.8 Clustering using PCA 
 
Three clusters were identified using the principal component analysis method. Cluster 1 included 

the states of Arunachal Pradesh, Assam, Meghalaya, and Sikkim ( PCA component 1 range: -0.45 to -
0.05), revealing similar review topics and similar tourist experience stories.  Cluster 2 includes only 
Mizoram ( PCA component 1 ≈ 0.0 and Component 2 > 0.6), with a unique review pattern. The third 
cluster exhibited Manipur and Nagaland (PCA Component 1 > 0.75), a mix of sentiment topic pairings. 
The distribution of clusters demonstrates three clear segmentations for efficient targeted marketing 
strategies(Figure 9).  

 

 
Fig. 9. t-SNE visualization of tourist reviews ( Source: Author analysis) 

 
5.9 Application of Sentiment Analysis Models to Regional Tourism Data 

 
The purpose of sentiment analysis was to determine the emotional polarity of visitors' experience 

tone for the Indian northeastern states. This was ensured with systematic segmentation of reviews 
using lexicon-based methods (such as VADER and TextBlob) and machine learning approaches. Levels 
of personal opinions within the text were evaluated using subjectivity measurements, while the 
overall sentiments were determined using emotional polarity. Regional patterns (similarities and 
dissimilarities) of visitor satisfaction emerged for each state within the study. The present work 
follows a data-driven methodology for the systematic determination of experiences, emotions, and 
regional challenges from the statistically processed data collected from review websites, social media 
posts, and comments for the seven Indian northeastern states. It also identifies the relationship 
between sentiment scores, state-specific topics, and clusters for action-driven insights. 
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6. Major Findings and Conclusions 
 

• Sentiment polarity and emotional tone of tourist reviews 
 
Results from the analysis reveal significant variations in experience-based sentiment polarity and 

emotional tone of visitors. Sikkim and Arunachal Pradesh-based reviews highlight a positive 
emotional tone for natural beauty, adventurous activities, and cultural involvement. Some major 
challenges also emerged besides emotional tones. Positive comments for wildlife, tea farms, and 
traditional celebrations were accompanied by issues of accessibility, travel infrastructure, and 
transport management. Positive sentiments from emotional tone include joy, trust, and appreciation, 
while negative sentiments from emotional tone include frustration, disappointment, or doubt. The 
present work is suitable since it captures both polarity and complex sentiments in visitor-generated 
content, which improves interpretations of tourist perceptions and measures the quality of 
experience.  

 

• Comparative sentiment trends among North-Eastern states 
 
The polarity scores and visualization help in efficient segmentation for the states in North-Eastern 

India. Sentiment trends for each state were identified and compared for transparent segmentation 
across the Northeastern region. Comparative findings help to understand state-specific tones and 
the redesigning of customized market strategies for each of them. 

 

• Insights into visitor satisfaction, challenges, and perceptions 
 
Web-scraped reviews from northeastern states provide transparent insights into the visitor 

satisfaction, challenges, and general sentiments across the northeastern region. Visitor satisfaction 
relates to natural beauty, traditions, recreational opportunities, and the warmth of the residents in 
Sikkim, Arunachal Pradesh, and Mizoram. Challenges perceived in Assam, Manipur, and Nagaland 
were infrastructure, accessibility, seasonal crowding, and service quality. Cultural festivals, 
indigenous traditions, and local cuisine also influenced visitors' sentiments besides adventure and 
expedition opportunities in mountainous regions. These results support the need for customized 
tourism development plans for the improvement of visitor satisfaction levels and minimizing 
logistical and physical constraints across the region. 

 

• Cluster formation using  sentiment outcomes  
 
Different clusters were formed for the Northeast Indian states. Visitors with positive sentiment 

for hiking and wildlife in Sikkim were part of the Eco-Adventure Cluster, whereas the Assam Cultural-
Nature Hybrid Cluster represents a culture-rich but lack of infrastructure. Meghalaya's Nature-
Cultural Cluster is identified by natural beauty and cultural attractions. Arunachal Pradesh’s 
Adventure-Isolation Cluster promotes spirituality and remote adventure, whereas Manipur's Culture-
Intimate Cluster has rich traditions but few amenities. Clusters signify the impact of emotions and 
experiences on regional tourism (see Appendix, Table 2). 
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7. Suggestions and Implications 
 

• Summary of sentiment analysis outcomes and contributions 
 
Sentiment analysis makes a significant contribution to determining emotion and perception 

across northeastern states. Positive emotions (natural beauty and hospitality) play a dominant role 
across all northeastern states despite existing challenges (infrastructure and accessibility). The 
efficiency of the research framework highlights its potential for tourism research at other 
destinations. 

 

• Importance of sentiment analysis in regional and cultural contexts 
 
Sentiment analysis of tourism reviews for northeast India highlights travelers' emotional 

reactions to regional culture, hospitality, and identity. Understanding sentiments can be linked to the 
influence of unique cultural characteristics in northeast India on tourist satisfaction. A more detailed 
examination of the states reveals that cultural differences like kindness, truthfulness, and local pride 
make tourists feel more positive about their visit. Sentiment analysis places emotions within regional 
and cultural contexts to provide opportunities for inclusive branding and destination management.  

 

• Limitations and scope for future research in AI-driven tourism analytics 
 
The proposed framework reflects the integration of sentiment analysis, clustering techniques, 

and text mining for high-quality insights into tourism in Northeast India.  Present model 
interpretation is influenced by cultural context and emotional intensity, with some platform-specific 
biases, language variations, and limited rural representation. Future analysis may use inputs such as 
videos, images, geotags, and complex AI models. Longitudinal studies can be combined with 
monitoring technologies for advanced behavioral analysis for real-time tourism intelligence systems. 
All these developments can ensure a more sustainable and culturally sensitive development in 
evolving regional destinations.  
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Appendices 
 
 
Table 2 
State-wise Analysis and hypothesis 

Si. 
No. 

State Type of Analysis Interpretation Hypothesis 

1 Sikkim Sentiment + 
Topic Modeling 

+ Clustering 

High positive sentiment; dominant 
themes: scenic beauty, cleanliness, 

trekking; falls in eco-adventure cluster. 

H1a: Sikkim’s strong eco-adventure appeal 
drives consistently high positive 

sentiment. 

2 Assam Sentiment + 
Topic Modeling 

+ Clustering 

Mixed sentiment; themes: wildlife, tea 
estates, cultural festivals; clusters into a 

cultural-nature hybrid. 

H1b: The sentiment equilibrium in Assam 
is impacted by its cultural richness despite 
the challenges posed by its infrastructure.  

3 Meghalaya Sentiment + 
Topic Modeling 

+ Clustering 

Balanced sentiment; themes: waterfalls, 
caves, indigenous culture; in a nature-

cultural cluster. 

H1c: Seasonal crowding moderates the 
otherwise high positive sentiment for 

Meghalaya. 

4 Arunachal 
Pradesh 

Sentiment + 
Topic Modeling 

+ Clustering 

High positive sentiment; themes: 
adventure, remoteness, monasteries; in 

adventure-isolation cluster. 

H1d: Remote adventure experiences 
overcome accessibility problems while 

shaping sentiment about Arunachal 
Pradesh. 

5 Manipur Sentiment + 
Topic Modeling 

+ Clustering 

Mixed sentiment; themes: an 
exploration of cultural immersion, dance 
festivals, and local crafts within a closely-

knit cultural cluster.  

H1e: Limited infrastructure reduces 
sentiment despite rich cultural offerings in 

Manipur. 

6 Mizoram Sentiment + 
Topic Modeling 

+ Clustering 

Positive sentiment; themes: hospitality, 
cuisine, beautiful landscapes; within the 

leisure and hospitality sector.  

H1f: Favorable views on hospitality 
compensate for the difficulties posed by a 

low number of tourists in Mizoram.   

7 Nagaland Sentiment + 
Topic Modeling 

+ Clustering 

Moderate sentiment; themes: Hornbill 
Festival, tribal heritage, remote 

experiences; in festival-cultural cluster. 

H1g: Seasonal festival events significantly 
influence sentiment trends in Nagaland. 

Source: Calculated by author 

 


