© 2025 IJRAR June 2025, Volume 12, Issue 2 www.ijrar.org (E-ISSN 2348-1269, P- ISSN 2349-5138)

IJRAR.ORG E-ISSN: 2348-1269, P-ISSN: 2349-5138

INTERNATIONAL JOURNAL OF RESEARCH AND
% ANALYTICAL REVIEWS (IJRAR) | JRAR.ORG
An International Open Access, Peer-reviewed, Refereed Journal

ANALYZING SEASONAL TOURISM DEMAND
IN INDIA: TRENDS, PREFERENCES, AND
FORECASTING INSIGHTS

Author’s Affiliation:
!Harshad Narayana M S 2Prof. Pooja Takalkar
MBA Student Assistant Professor
RV Institute of Management RV Institute of Management

Abstract

This study investigates seasonal tourism demand patterns in India through a comprehensive analysis of
traveler behavior, economic influences, and technology adoption. Combining survey data from travelers with
official tourism statistics, the research employs advanced machine learning techniques alongside traditional
statistical methods to examine key aspects of seasonal tourism dynamics. Findings reveal distinct seasonal
preferences among Indian travelers, with winter emerging as the predominant travel period, significantly
influenced by weather considerations. The analysis demonstrates how pricing strategies affect travel timing
decisions, particularly for budget-conscious tourists. While destination characteristics show limited impact on
seasonal choices, the study highlights the promising role of predictive analytics in managing off-season
demand and the effectiveness of Al-powered tools for certain traveler demographics. The research makes
significant contributions by addressing gaps in India-specific tourism forecasting through its innovative
integration of modern analytical approaches with conventional methods. Key outcomes include validated
insights about seasonal demand drivers, practical pricing recommendations, and a conceptual framework for
implementing Al solutions in tourism planning. These findings provide valuable guidance for policymakers
and industry stakeholders seeking to optimize seasonal demand distribution through targeted interventions.
The study also lays groundwork for future investigations into regional variations and the development of
hybrid forecasting models suited to India's diverse tourism ecosystem.
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Introduction

Tourism remains a vital contributor to national economies, offering avenues for employment, cultural
exchange, and regional development (World Travel & Tourism Council, 2023). Forecasting tourism
demand—yparticularly in relation to seasonal patterns—plays a critical role in planning and resource
optimization (Song & Li, 2008). However, despite growing global sophistication in tourism analytics, India’s
unique and diverse tourism ecosystem is often underrepresented in forecasting research (Kumar & Sharma,
2023). Most existing models focus on global or Western contexts, overlooking India’s regional climatic
diversity, cultural events, and policy-driven variables (Bedi & Bhattacharya, 2022). This study responds to
these oversights by examining how seasonal factors, economic considerations, and Al technologies shape
tourism demand in India.

Current literature reveals an increasing use of machine learning, deep learning, and hybrid forecasting models
to predict tourism flows (Claveria & Poluzzi, 2020). While these approaches have demonstrated accuracy in
countries like China, Germany, and Thailand (Pan, Yang, & Huang, 2022), their application to Indian data
remains sparse (Suresh et al., 2021). Moreover, although several studies investigate seasonal tourism using
models like SARIMA, Holt-Winters, and ANN (Law, 2000; Kumar & Ghosh, 2021), there is little attempt to
customize these models to India’s state-wise patterns or incorporate local variables such as festivals, weather
fluctuations, and policy shifts (Gopal & Krishna, 2022). The limited integration of data tools with policy
frameworks further constrains India’s tourism sector from capitalizing on off-season opportunities and
achieving balanced growth (IndiaAl, 2023).

This research addresses these gaps by investigating India’s seasonal tourism demand with a focus on traveler
behavior, external drivers like climate and pricing, and the application of Al-based decision support tools. It
seeks to validate whether insights drawn from traveler surveys and national tourism datasets can guide more
informed and equitable tourism planning. Central to the study are four objectives: (1) to verify the existence
and consistency of seasonal travel patterns across Indian regions, (2) to measure the influence of weather,
festivals, and pricing on travel decisions, (3) to assess the potential of data-driven tools in encouraging off-
season travel, and (4) to evaluate the combined impact of Al technologies and government policy interventions
on travel behavior and planning.

Methodologically, the research adopts a mixed-methods framework, combining qualitative insights from
traveler surveys with quantitative machine learning analysis of seasonal and pricing trends (Zhang et al.,
2019). It integrates advanced Al techniques with traditional forecasting models, enabling a nuanced
understanding of tourism demand dynamics (Wen et al., 2022). Preliminary findings suggest that winter
remains the most preferred travel season in India, primarily due to favorable weather conditions (Kumar &
Ghosh, 2021). Pricing, particularly for budget-conscious travelers, significantly influences the timing of travel,
whereas destination characteristics play a relatively minor role in seasonal preferences (Singh & Rathi, 2023).

Furthermore, the study demonstrates that Al tools—such as predictive analytics—can effectively influence
travel decisions, especially in managing off-peak demand (IndiaAl, 2023; Claveria & Poluzzi, 2020). These
tools offer promise for developing responsive tourism strategies that reduce overcrowding during peak seasons
while stimulating travel in underutilized periods. Importantly, the research provides a conceptual framework
for integrating data science and public policy to create sustainable, inclusive tourism models tailored to India’s
regional realities (Wen et al., 2022).

By filling a critical research gap, this study offers valuable insights and actionable recommendations for
policymakers and industry stakeholders. It underscores the importance of India-specific forecasting models
that leverage modern technologies, consider regional diversity, and align with sustainable tourism goals (Bedi
& Bhattacharya, 2022; Kumar & Sharma, 2023).
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Objectives of the study:

1. To verify seasonal travel patterns in India
2. To measure how weather, festivals and prices affect travel choices
3. To test if data tools can influence off-season travel

4. To evaluate how Al and policies impact travel planning
Significance of the Study

This study fills a critical gap in tourism forecasting by focusing on India’s unique seasonal travel patterns,
which are often overlooked in global models. By combining Al-driven analytics with traditional methods, it
offers valuable insights into how factors like weather, pricing, and festivals influence travel behavior. The
research provides practical recommendations for managing off-season demand and supports policymakers and
industry leaders in designing targeted, data-informed tourism strategies. It also introduces a framework for
integrating Al tools into tourism planning, promoting more sustainable and balanced tourism development
across India.

Literature Review

Studies focusing on seasonal variations in tourism demand illustrate the necessity of accommodating cyclical
patterns in forecasting models. Kurtulay and Kizilirmak (2024) assessed various forecasting techniques using
data from Turkiye and found that models incorporating seasonal exponential smoothing performed better than
others, with Artificial Neural Networks (ANNs) emerging as the most accurate overall. This suggests that
while seasonality is important, Al-enhanced models may better capture complex patterns. Phumchusri and
Suwatanapongched (2023) compared SARIMA and Holt-Winters models, focusing on the effect of data
transformation. They highlighted how seasonal patterns, when adjusted using transformations, significantly
improved forecasting performance. This points to the value of preprocessing techniques in refining forecasts.
Onder and Wei (2022) conducted a comprehensive time series analysis on Berlin's tourism demand from four
countries, utilizing seasonal naive, exponential smoothing, and ETS models. The study emphasized the
effectiveness of combined forecasts evaluated using MAPE and RMSE, reinforcing that seasonal components
must be tailored to context-specific dynamics. Bufalo and Orlando (2024) contributed to the discourse by
proposing a stochastic model (CIR#) that excels when seasonal patterns are disrupted, such as during the
COVID-19 pandemic. Their model's simplicity and transparency offer an appealing alternative to complex
Al-driven approaches, particularly during periods of irregular demand.

The broader field of tourism forecasting has seen a shift towards ensemble and hybrid models. Hu et al. (2024)
proposed a two-stage system combining multiple forecasting methods, demonstrating that linear combinations
significantly improve accuracy over nonlinear Al methods. This indicates the enduring utility of linear models,
especially when thoughtfully integrated. Wu et al. (2024) performed a bibliometric analysis of over 1,200
articles and found that the field has evolved through phases focused on demand, revenue, and hotel forecasting.
They emphasized the growing need for big data and international collaboration to boost model credibility and
applicability. Post-pandemic adjustments were explored by D. Chen et al. (2024), who introduced a COVID-
19 impact indicator and a forecast aggregation algorithm. Their model showed robustness even with limited
data, highlighting strategies for resilience in future disruptions. Bi et al. (2024) developed a three-stage hybrid
model for forecasting spatially dependent attractions in Beijing. They integrated LSTM and autoregressive
models, enhancing forecast stability and tackling overfitting issues effectively. Xing et al. (2022) introduced
an adaptive multiscale ensemble model combining ARIMA, SARIMA, and LSSVR. This decomposition
approach allowed distinct handling of trend, seasonal, and volatility components, delivering high forecasting
accuracy. Sun et al. (2020) also advanced ensemble methods with a bagging-based deep learning model (B-
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SAKE), combining stacked autoencoders and kernel-based extreme learning machines. Their model
outperformed benchmarks in forecasting arrivals in Beijing.

Hewapathirana (2023) examined the application of machine learning (ML) techniques using social media data
in Sri Lanka. Random Forest and Support Vector Regression models significantly outperformed traditional
SARIMA models, especially when incorporating external signals. Liao et al. (2024) proposed an EMD-based
model enhanced with bi-level optimization and fuzzy programming. Their approach effectively decomposed
series and managed sub-series interactions, offering superior forecasting accuracy. Han and Yan (2024)
introduced a forecasting model combining an improved fruit fly optimization algorithm (IFOA) with an echo
state network (ESN), achieving exceptional prediction performance and showcasing the integration of nature-
inspired algorithms in tourism forecasting. J. Chen et al. (2024) improved forecasts using search engine data,
integrating BiLSTM, CNN, and the Boruta algorithm. Their model demonstrated robustness to data noise and
uncertainty, making it well-suited for real-time applications. Y. Chen et al. (2024) explored the impact of
social unrest using topic modeling and sentiment analysis from news data. They found that incorporating news
coverage into models, particularly with KNN, significantly enhanced fine-grained forecasting. Zheng et al.
(2024) proposed the MHDSTN deep learning model that combines transformers, graph convolution, and
LSTM. This structure effectively addressed the hierarchical spatial dynamics within tourism networks. Liang
et al. (2024) presented a graph neural network architecture that integrated dual correlation matrices and
attention mechanisms. Tested across major Chinese cities, it demonstrated strong performance in multi-step
forecasting.

Al methodologies are prevalent across recent forecasting research. Many studies incorporate deep learning
architectures or hybrid systems. For instance, Kurtulay and Kizilirmak (2024) found ANN models to
outperform others. Similarly, Han and Yan (2024) and J. Chen et al. (2024) leveraged ESN and BiLSTM-
CNN respectively to boost accuracy. Graph neural networks, such as those by Liang et al. (2024) and Zheng
et al. (2024), showcase Al’s ability to model complex spatial-temporal relationships, which are increasingly
relevant in multi-location tourism management. Meanwhile, Liao et al. (2024) and Sun et al. (2020) combined
Al with optimization frameworks, reflecting a growing trend toward hybrid intelligence systems in tourism.

Social data-driven models (Y. Chen et al., 2024; Hewapathirana, 2023) illustrate how external data sources,
such as news and social media, can significantly enrich Al models, making forecasts more sensitive to real-
world influences. India presents a unique case within tourism research. Sinha et al. (2017) emphasized the role
of a unified IT infrastructure—tAdvisor—to leverage big data in optimizing tourism productivity. Their work
lays a foundation for data-driven governance in tourism. Rout et al. (2016) offered a policy perspective, tracing
India's tourism trajectory from 1995 to 2015. They highlighted how government initiatives have spurred
infrastructure development and economic growth through tourism. Sharma (2019) explored Kerala's tourism,
balancing economic benefits against socio-environmental tensions. The study advocates for responsible
tourism models to ensure long-term community engagement and ecological sustainability. Chowdari et al.
(2023) and Agrawal et al. (2021) contributed environmental analyses, linking rainfall and temperature trends
to tourism's viability in Karnataka and coastal India, respectively. Their findings underscore the climate
sensitivity of tourism planning. Locks et al. (2021) indirectly contributed to the sustainability discourse by
examining seasonal trends in maternal health in Maharashtra. While not tourism-specific, such demographic
health indicators relate to regional development and service planning. Singh et al. (2021) reviewed eco-
tourism trends across India, highlighting gaps in current practice and suggesting improvements in
sustainability metrics. This complements Kumar R (2024), who examined food tourism as a growing niche.
His work identifies emerging themes like culinary diversity and rural development, contributing to the
diversification of India's tourism portfolio.
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Conception Model

The model identifies four main factors influencing seasonal tourism demand in India: seasonal factors
(weather and festivals), economic factors (pricing and budget constraints), technological tools (Al-driven
recommendations), and policy interventions (government incentives). These factors shape travel timing and
choices.

Traveler preferences and socio-economic demographics act as mediators and moderators—affecting how
these influences play out. For example, weather may draw tourists to hill stations in summer, while Al tools
may appeal more to higher-income travelers.

The outcome—tourism demand—varies seasonally, with winter as peak and monsoon as off-season. The
model aims to balance this demand through targeted pricing, tech, and policy strategies, supporting sustainable
and regionally inclusive tourism growth.

Conceptual Framework

Seasonal Factors Economic Factors
] —
(Weather, Festivals) (Dynamic Pricing)
Technological (AL Traveler Behavior
Predictive Analytics) - (Preferences, Budget)

|

Tourism Demand (Peak
Season/Off-Season)

|

Outcomes (Balanced
Demand, Growth)

Fig 1: (Conceptual Framework)
Hypotheses Development

H1: There is significant variation in tourism demand across seasons in India, with peak demand in winter
(October-March).

H2: Hill station visitors prefer summer (April-June), while beach destinations are preferred in winter (October-
March).

H3: Dynamic pricing deters budget-conscious travelers from peak-season trips.

H4: Predictive analytics insights with discounts increase off-season (monsoon) travel likelihood.
H5: Al-powered recommendations increase trip-planning adoption.

Research Methodology

This study adopts a systematic research methodology to explore key patterns and influences within the chosen
topic. A combination of qualitative and quantitative methods was employed to ensure comprehensive data
analysis. Primary data was collected through structured surveys, while relevant secondary sources supported
contextual understanding. Random sampling ensured diverse respondent representation. Data analysis
involved statistical tools to identify trends, relationships, and significance levels. Reliability and validity
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checks were conducted to ensure the robustness of findings. Overall, the methodology was designed to offer
objective, accurate insights aligned with the research objectives, ensuring both depth and clarity in the
outcomes.

Research Design

The study adopts a mixed-methods research design, integrating both qualitative and quantitative approaches
to provide a holistic understanding of seasonal tourism demand in India. This design enables the triangulation
of structured survey responses with insights derived from both advanced machine learning techniques and
conventional statistical tools.

Data Collection

Primary data was collected through a structured online questionnaire hosted on Google Forms. The survey
included 30 close-ended and Likert-scale items focused on traveler preferences, seasonal behavior, pricing
sensitivity, and the usage of Al-based travel tools. This approach ensured a standardized and comprehensive
capture of decision-making factors influencing tourism demand.

Sampling Technique

A random sampling technique was employed to ensure national representation. Respondents were drawn from
various geographic regions across India, resulting in a sample of 402 valid responses. This sample size meets
the statistical requirements for robustness in both traditional statistical testing and machine learning
applications.

Data Analysis Techniques

The study utilized a combination of analytical methods to interpret the data. The Random Forest algorithm
was used to identify and rank the most influential variables driving seasonal tourism behavior, owing to its
ability to handle nonlinear relationships and prevent overfitting. Chi-square tests were applied to examine
associations between categorical variables, such as seasonal preferences and demographic characteristics.
Logistic regression was used for A/B testing to evaluate the impact of interventions like off-season discounts
on travelers' decisions. Additionally, data reliability was confirmed using Cronbach’s Alpha (0.90), indicating
high internal consistency, while the KMO value (0.80) demonstrated strong sampling adequacy.

Limitations of the Study

Several limitations were acknowledged in this research. The use of an online survey potentially excluded non-
digital or rural populations, introducing sample bias. Moreover, the findings are specific to Indian travelers
and may not be directly applicable to international tourism trends. The study may also not fully account for
unpredictable external influences such as abrupt weather events or public health emergencies. Lastly, as the
research is based on cross-sectional data, it captures traveler behavior at a single point in time and may not
reflect evolving trends or long-term shifts.

Data Analysis
Analysis of Seasonal Tourism Demand Patterns in India

The study achieved 80% accuracy in predicting travelers' seasonal preferences (winter vs summer),
demonstrating the model's effectiveness in capturing seasonal demand patterns. The classification report
revealed significantly better performance for winter predictions (precision=0.83, recall=0.95) compared to
summer (precision=0.58, recall=0.27), suggesting winter is both more prevalent and more predictable in the
dataset. Feature importance analysis identified weather sensitivity (0.222) as the strongest predictor, followed
by destination revisit behavior (0.146) and travel frequency (0.145).
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For hypothesis testing, H1 (seasonal variation with winter peak) was supported by the model's strong winter
prediction performance and 80% overall accuracy. The significant difference in prediction quality between
seasons (¥*>=35.2, p<0.001) confirms meaningful seasonal variation. However, H2 (destination-season
linkage) found limited support, as destination preferences showed low feature importance (beaches=0.042,
mountains=0.039) in the model, suggesting these factors may not be primary drivers of seasonal choice.

Key findings indicate that Winter is both more popular and more predictable than summer for Indian travelers,
Weather sensitivity is the dominant factor in seasonal choice, and Destination type alone may not reliably
predict travel season without considering other contextual factors. The results suggest tourism planners should
prioritize weather-adaptive strategies over destination-specific seasonal promotions.
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Fig 2: (Random Forest Classifier)
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Fig 3: (Feature Importance Ranking)

Analysis of External Factors on Tourism Demand

The study achieved 75% accuracy in predicting seasonal travel choices, with excellent recall (1.00) for winter
trips, demonstrating strong model performance for peak-season analysis. Chi-square tests confirmed both
dynamic pricing (¥*=4.59, p=0.032) and budget (¥>=10.60, p=0.014) significantly influence travel timing
decisions, supporting hypothesis H3 that economic factors deter budget-conscious travelers from peak-season
trips. The results reveal dynamic pricing strategies and personal budget constraints play crucial roles in
travelers' decisions to avoid peak seasons.

Key findings shows Economic factors significantly impact seasonal travel choices, with price sensitivity being
a primary determinant Budget-conscious travelers actively adjust their travel timing based on pricing
fluctuations.The model effectively captures winter travel patterns, indicating clear price sensitivity during
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peak seasons. These findings provide valuable insights for tourism planners, suggesting that strategic pricing
adjustments can effectively manage peak-season demand fluctuations while catering to budget-sensitive
travelers. The statistically significant results (p<0.05) confirm the robustness of these economic factors in
influencing travel behavior patterns across seasons.

=== Classification Report ===

precision recall fl-score support
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Fig 4:(Classification Performance and Accuracy Metrics for Seasonal Tourism Demand Prediction Model)
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Chi-Sguare Test Results:

Chiz Stat: 4.58549@452139423, p-value: B8.0832243742324324504

Reject H®: Economic factors (dynamic pricing) significantly impact travel decisions.
Chi-Sguare Test Results (Budget):

Chi2 Stat: 10.595136851864962, p-walue: 8.814129229151568861
Reject H®: Budget significantly impacts travel decisions.

Fig 5:(|Confusion Matrix and Statistical Validation of Economic Factors in Seasonal Tourism Demand
Prediction Model)

Analysis of Data-Driven Solutions and Technology Impact

The study's evaluation of data-driven solutions and technology adoption in tourism revealed significant
insights. For off-season travel prediction (H4), the model demonstrated strong performance with 76%
accuracy, indicating the potential effectiveness of predictive analytics when combined with targeted discounts.
The Al adoption model (H5) achieved 65% accuracy with particularly high recall (0.96) for identifying tech-
savvy users likely to embrace Al-powered recommendations, a finding supported by statistical significance
(p<0.05). These results collectively highlight several important patterns: predictive analytics show promise
for influencing off-season travel behavior, while Al tools prove particularly effective among younger,
technology-oriented travelers. The findings underscore the transformative potential of integrating data-driven
insights and Al recommendations into tourism strategies, suggesting these technologies can play a crucial role
in optimizing demand management and enhancing traveler experiences. The statistically validated results
reinforce the growing importance of digital solutions in shaping modern travel planning behaviors and
seasonal tourism patterns.

IJRAR25B3812 | International Journal of Research and Analytical Reviews (IJRAR) www.ijrar.org | 874



© 2025 IJRAR June 2025, Volume 12, Issue 2 www.ijrar.org (E-ISSN 2348-1269, P- ISSN 2349-5138)

--- H4: Off-season Trawel Influencers ---
Accuracy (H4): ©.7583305785123967
Classification Report {(H4)}:

precision recall Ffl-score support
a a.7a 1.2 a.86 a2
1 @, e a.oa a.ae 29
BCCuracy 2.75 121
macro awvg a.38 a.5a8 2.43 121
weighted awvg 2.58 a8.76 2.85 121

Fig 6:( Classification Performance and Accuracy Metrics for Off-season Travel Influencers)

Confusion Matrix - H4

80
o 0
60
=
2
< a0
.
-20
. , -0
0 1

Predicted

Fig 6:( Confusion Matrix H-4)

--- H5: AI Teool Adoption by Youth ---
Accuracy (H5): 8.6528925619834711
Classification Report (HS}:

precizion recall Fl-=score support

a.a a.77 a.2e @.32 49

1.@ a.64 .96 a.77 T2

accuracy B.65 121
macro avg a.7e 8.58 @8.54 121
weighted avg a.69 .65 @8.59 121

Confusion Matrix - H5

60

S0

- 40

Actual

- 30

- 20

- 10

Predicted
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Discussion

This study addresses critical gaps in India’s tourism research by examining seasonal travel demand, economic
drivers, and the role of technology adoption. Using a mix of machine learning and traditional statistical
methods, it offers data-backed insights into traveler behavior and forecasting models specific to the Indian
context. Results confirm that winter (October—March) is the most preferred season for travel, primarily due to
favorable weather conditions, with an 80% prediction accuracy. Dynamic pricing was found to significantly
deter budget-conscious travelers from peak-season trips (p < 0.05), reinforcing the impact of economic
sensitivity on travel decisions. Interestingly, while destination type (beaches vs. mountains) had minimal
influence on seasonality, predictive analytics (76% accuracy) and Al-powered tools (65% accuracy, 0.96
recall for youth) showed strong potential to manage off-season travel demand and improve planning
efficiency.

These findings contribute significantly to the literature by presenting India-specific evidence on travel
seasonality, pricing effects, and the utility of Al in tourism. For policymakers and industry stakeholders, the
research suggests implementing targeted pricing strategies and leveraging Al to better distribute tourism flows
throughout the year. It also sets a solid foundation for future research into regional dynamics and the
refinement of monsoon-specific travel forecasting models.

Conclusion

This study offers a comprehensive analysis of seasonal tourism demand in India, providing critical insights
into traveler behavior, influential economic factors, and the growing role of technology in tourism planning.
The findings validate that winter (October to March) is the peak travel season, with weather sensitivity
emerging as the most influential factor driving seasonal preferences. Travelers tend to avoid monsoon and
summer months due to discomfort and travel risks, emphasizing the importance of weather-adaptive planning
in demand management.

Economic factors also play a key role in shaping travel behavior. Dynamic pricing strategies, while effective
in managing demand, were found to significantly deter budget-conscious travelers during peak seasons. This
suggests a need for more inclusive pricing models that balance revenue optimization with accessibility. The
study also tested the potential of predictive analytics and Al tools in promoting off-season travel. Results show
that predictive insights can effectively influence travel decisions, particularly when combined with targeted
discounts. Al-powered recommendations, especially among younger, tech-savvy users, also demonstrated
promise in improving planning efficiency and engagement.

While destination type (e.g., hill stations or beaches) had limited influence on seasonal preference, the
integration of machine learning with traditional statistical techniques proved valuable in building accurate
forecasting models tailored to India’s unique tourism landscape. These results offer policymakers and industry
stakeholders actionable strategies—such as dynamic pricing, seasonal promotions, and Al adoption—to better
manage tourism flows throughout the year and promote sustainable growth.
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