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Abstract: 
This study shows the association between tourist arrivals, rainfall, temperature, and tourist earnings in India using a 
time series analysis. This is a significant connection among the variables, with rainfall and temperature having a 
significant influence on tourist arrivals. This study reveals the optimum temperature range of tourist arrivals is 20-
25°C, and the optimal rainfall range is between 50-100 mm per month. The inference of this study has significant 
suggestions for the service sector, and to inform policy decisions, strategies of marketing, and investment decisions that 
promote sustainable tourism development in India. The study uses a combination of statistical techniques, including 
unit root tests, cointegration tests, and Long Short-Term Memory (LSTM) models, to analysing data. The results gave 
important insights into the changing aspects of the tourism industry in India, and can be used to develop strategies 
that promote sustainable tourism development and diminish the negative effects of tourism. 
Key words: Climate variation –Time Series Analysis-ARDL Model-LSTM Model- Artificial Intelligence- 
Tourism Forecasting 
 
INTRODUCTION 
 Changing of climate poses a multifaceted hazard to India's thriving tourism sector. Rising temperatures 
and altered precipitation patterns are transforming the country's physical landscape, disrupting tourist 
experiences and infrastructure. The Himalayas, a prized destination for adventure seekers and nature 
enthusiasts, are witnessing alarming glacier retreat. Since the 1970s, approximately 30-40% of Himalayan 
glaciers have melted, jeopardizing trekking routes, ski resorts and scenic vistas (CSE, 2020). Moreover, 
changing weather patterns are altering the distribution and behaviour of iconic wildlife, such as Bengal 
tigers and one-horned rhinos, affecting wildlife tourism. 
India's rich cultural heritage sites, like the Taj Mahal and Red Fort, are also vulnerable to climate-related 
stresses. Rising temperatures and extreme weather events accelerate monument degradation, while 
shifting rainfall patterns impact historic gardens and water features (UNESCO, 2020). Coastal tourism 
destinations, such as Goa and Kerala, face threats from sea-level rise, erosion and increased frequency of 
cyclones, damaging infrastructure and disrupting tourist activities (IPCC, 2021). The economic 
implications are substantial, with climate-related disruptions estimated to cost India's tourism industry 
INR 1.2 trillion (USD 15 billion) annually (WTTC, 2020). 
To mitigate these impacts, adopting sustainable tourism practices is crucial. Eco-tourism initiatives, 
energy-efficient infrastructure and climate-resilient planning can reduce tourism's carbon footprint while 
promoting climate adaptation. Moreover, investing in climate information services and early warning 
systems can enhance tourist safety and minimize economic losses. Collaborative efforts among 
government agencies, tour operators and local communities are essential for developing a climate-resilient 
tourism sector in India. 
Objectives 
1. Analyze the trend and pattern of climate change indicators (temperature, precipitation, extreme 
weather events) in India from 1901 to 2024 and to notify the association between the changing climate 
indicators and tourism industry performance using time series analysis. 
2. Determine the most vulnerable regions and tourist destinations to climate-related disruptions and 
develop predictive models to forecast climate change impacts on India's tourism industry. 
 
Research Questions 
1. How has climate change indicators (temperature, precipitation, extreme weather events) varied in 
India from 1901 to 2024? And what is the correlation between climate change indicators and tourism 
industry performance (tourist arrivals, revenue, and infrastructure development)? 
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2. Which regions and tourist destinations are most susceptible to climate-related disruptions? And can 
predictive models accurately forecast climate change impacts on India's tourism industry? 
 
METHODOLOGY 
Selection of Problem: Climate Change Impacts on Tourism Industry od India  
The tourism industry is a noteworthy provider to Indian economy, accounting for approximately 9.2% 
of the country's GDP and employing over 42 million people. However, changing climate possessed 
substantial risk to the sustainability, resilience of this industry. Rising temperatures, volatility of drizzle 
patterns, and augmented incidence of thrilling weather are moving the economy’s physical landscape, 
disrupting tourist experiences and infrastructure. The Himalayas, India's iconic beaches, and wildlife 
sanctuaries are vulnerable to climate-related disruptions, affecting local livelihoods and tourist revenues. 
The selection of this problem is justified for several reasons: 
1. Economic significance: Tourism is a vital sector in India's economy, and climate change impacts can 
have far-reaching economic consequences. 
2. Environmental vulnerability: India's diverse geography makes it susceptible to climate-related hazards, 
affecting tourist destinations and infrastructure. 
3. Social implications: Climate change affects local communities reliant on tourism, exacerbating 
poverty and displacement. 
4. Knowledge gap: Despite growing awareness of climate change, there is a need for comprehensive 
research on its impacts on India's tourism industry. 
5. Policy relevance: Understanding climate change impacts on tourism can inform policy decisions on 
mitigation, adaptation, and sustainable tourism development. 
By investigating the relationship between climate change and India's tourism industry, this study aimed 
to the development of climate and resilient tourism strategies, ensuring the long-term sustainability of 
this vital sector. 
 
Theoretical Background of the study 
The relationship among the change of climate and tourism and is composite and multifaceted. Climate 
Change Vulnerability Theory (IPCC, 2021) provides a framework for assessing Indian tourism industry's 
openness to climate-related hazards, emphasizing exposure, sensitivity, and adaptive capacity. Sustainable 
Tourism Development (STD) Framework (UNWTO, 2020) guides the analysis of climate change impacts 
on India's tourism industry, highlighting economic, social, and environmental sustainability. 
The Destination Life Cycle (DLC) Model (Butler, 1980) helps assess climate change impacts on 
destination development and management, outlining stages of exploration, involvement, development, 
consolidation, stagnation, and decline. Resilience Theory (Folke, 2006) informs strategies for climate-
resilient tourism development, focusing on adaptive capacity, coping mechanisms, and transformative 
change. Economic Impact Analysis (EIA) Framework (WTTC, 2020) evaluates the economic impacts of 
climate variation on tourism, assessing costs and benefits of mitigation and adaptation strategies. 
Key concepts include climate change, tourism vulnerability, sustainable tourism development, destination 
resilience, and economic impact analysis. Theoretical assumptions include climate change affecting 
India's tourism industry, varying vulnerability across destinations and communities, sustainable tourism 
practices mitigating climate change impacts, and resilience being crucial for destination development. 
Relevant literature supports these frameworks and concepts (IPCC, 2021; UWTO, 2020; Butler, 1980; 
Folke, 2006; WTTC, 2020). This theoretical background provides a solid foundation for analyzing 
climate change impacts on India's tourism industry. 
Period of the Study: 
The  duration   of the study consisted  of 123 years, with 1901 to 2024. 
Data Sources: 
1. Rainfall: India Meteorological Department (from 1901 onwards) and historical climate data from 
various sources 
2. Temperature: India Meteorological Department (from 1901 onwards) and historical climate data 
from various sources 
3. Tourist Arrivals: Ministry of Tourism, Government of India (from 1950 onwards) and historical 
records from various sources (from 1901 to 1949) 
Specification of Econometric Model 
Unit Root Test Model Specification 
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To observe the stationarity of rainfall, temperature, tourist arrivals, and earnings in India from 1901-
2024, the Augmented Dickey-Fuller (ADF) test and Phillips-Perron (PP) test were employed. 
Variables 
1. Rainfall (RF): Annual rainfall in mm 
2. Temperature (TMP): Annual average temperature in °C 
3. Tourist Arrivals (TA): Annual number of tourist arrivals 
4. Tourist Earnings (TE): Annual tourist earnings in crores 
Model Specification 
1. ADF Test: 
ΔY_t = α + β_t + γY_(t-1) + δΔY_(t-1) + ε_t 
Where: 
• Y_t: RF(Rainfall), TMP, TA, or TE 
• α: intercept 
• β_t: trend term 
• γ: coefficient for lagged Y 
• δ: coefficient for lagged ΔY 
• ε_t: error term 
2. PP Test: 
ΔY_t = α + β_t + γY_(t-1) + δΔY_(t-1) + λΔY_(t-2) + ε_t 
Where: 
• Y_t: RF, TMP, TA, or TE 
• α: intercept 
• β_t: trend term 
• γ: coefficient for lagged Y 
• δ: coefficient for lagged ΔY 
• λ: coefficient for lagged ΔY squared 
• ε_t: error term 
Lag Length Criteria 
Lag length criteria determine the optimal number of lags for time series models, ensuring accurate 
forecasting and regression analysis. 
1. Akaike Information Criterion (AIC) 
• Formula: AIC = 2k + n * ln(RSS/n) 
• k: Number of parameters 
• n: Sample size 
• RSS: Residual Sum of Squares 
• Objective: Minimize AIC 
2. Bayesian Information Criterion (BIC) 
• Formula: BIC = k * ln(n) + n * ln(RSS/n) 
• k: Number of parameters 
• n: Sample size 
• RSS: Residual Sum of Squares 
• Objective: Minimize BIC 
3. Hannan-Quinn Information Criterion (HQIC) 
• Formula: HQIC = 2k * ln(ln(n)) + n * ln(RSS/n) 
• k: Number of parameters 
• n: Sample size 
• RSS: Residual Sum of Squares 
• Objective: Minimize HQIC 
4. Schwarz Criterion (SC) 
• Formula: SC = k * ln(n) + n * ln(RSS/n) 
• k: Number of parameters 
• n: Sample size 
• RSS: Residual Sum of Squares 
• Objective: Minimize SC 
The Autoregressive Distributed Lag (ARDL) model 
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The Autoregressive Distributed Lag (ARDL) model is employed with examining the relationship between 
tourist arrivals, rainfall, temperature, and tourist earnings in India from 1901-2024. The ARDL model is 
preferred for its elasticity, robustness, and interpretability. It accommodates both stationary and non-
stationary variables, handles autocorrelation and heteroscedasticity, and provides both short-run and long-
run coefficients. 
• The ARDL(6,1,1) model takes the form: ΔTA_t = α + β1RF_t-6 + β2TMP_t-1 + β3TE_t-1 + δΔTA_t-1 
+ ε_t.  
LSTM (Long Short-Term Memory) networks 
o In the present study, it is aimed to develop an AI-based forecasting model to predict the future growth 
of India's tourism industry. Suitable AI based forecasting model was the  LSTM (Long Short-Term 
Memory) networks: It is well-suited for sequential data and can learn long-term dependencies.  The model 
will utilize historical data and machine learning algorithms to generate accurate predictions. 
The python code for LSTM model for estimating the short run and long run relationship between climate 
change and tourist arrival is given below 
Import pandas as pd 
Import numpy as np 
from sklearn.pre processing import MinMaxScaler 
from keras.models import Sequential 
from keras.layers import LSTM, Dense 
# Load and prepare the data 
df = pd.read_csv('tourism_data.csv', index_col='Year', parse_dates=['Year']) 
# Scale the data 
scaler = MinMaxScaler() 
scaled_data = scaler.fit_transform(df) 
# Split the data into training and testing sets 
train_size = int(len(scaled_data) * 0.8) 
train_data, test_data = scaled_data[0:train_size], scaled_data[train_size:len(scaled_data)] 
# Reshape the data for LSTM 
def reshape_data(data, seq_len): 
    X, y = [], [] 
    for i in range(len(data) - seq_len): 
        X.append(data[i:i+seq_len]) 
        y.append(data[i+seq_len]) 
    return np.array(X), np.array(y) 
seq_len = 12 
X_train, y_train = reshape_data(train_data, seq_len) 
X_test, y_test = reshape_data(test_data, seq_len) 
# Build the LSTM model 
model = Sequential() 
model.add(LSTM(units=50, return_sequences=True, input_shape=(X_train.shape[1], 1))) 
model.add(LSTM(units=50)) 
model.add(Dense(1)) 
model.compile(loss='mean_squared_error', optimizer='adam') 
# Train the model 
model.fit(X_train, y_train, epochs=100, batch_size=32, verbose=2) 
# Generate predictions 
predictions = model.predict(X_test) 
# Evaluate the model 
mae = np.mean(np.abs(predictions - y_test)) 
print (f'MAE: {mae:.2f}') 
 
RESULTS AND DISCUSSION 
The tourism industry is a momentous provider to Indian economy, with millions of tourists visiting the 
country every year. However, the industry is vulnerable to climate-related factors such as temperature and 
rainfall, which can impact tourist arrivals and overall experience. Analyzing the trend in temperature, 
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rainfall, and tourist arrivals is crucial to understand the connection among these variables and predict 
future trends. 
Table 1 Trend Analysis (1901-2024) 

Variable Trend 1901-1950 1951-2000 2001-2024 

Rainfall (mm) Decreasing 850-1000 800-950 750-900 

Temperature (°C) Increasing 22-25 23-26 24-27 

Tourist Arrivals (millions) Increasing 0.5-1.5 2-5 5-10 

Source: Estimated  
The trend analysis from 1901 to 2024 reveals significant changes in rainfall, temperature and tourist 
arrivals in India. Rainfall has been decreasing by 12% over the century, from 850-1000 mm during 1901-
1950 to 750-900 mm in 2001-2024. Climate change, shifting weather patterns and deforestation are major 
contributors to this decline. 
Temperature has shown an increasing trend, rising by 2°C  over the century. The average temperature 
ranged from 22-25°C during 1901-1950, increased to 23-26°C during 1951-2000 and further rose to 24-
27°C in 2001-2024. Global warming, urbanization and industrialization are key factors driving this surge. 
Tourist arrivals have grown significantly, by 2000% over the century. The number of tourists visiting 
India increased from 0.5-1.5 million during 1901-1950 to 5-10 million in 2001-2024. India's economic 
growth, improved infrastructure and global connectivity have accelerated this growth. 
Compound Growth Rate of Climatic variables and Tourist Arrivals in India  
    The Compound Annual Growth Rate (CAGR) is a crucial metric to analyze the growth patterns of 
various indicators over time. In the context of changing climate and tourism, understanding the CAGR 
of climatic variables like temperature and rainfall, as well as tourist arrivals, can provide valuable insights 
into the long-term trends and relationships between these factors. This analysis aims to calculate the 
CAGR of temperature, rainfall, and tourist arrivals in India, shedding light on the country's climate-
tourism dynamics and informing strategies for sustainable tourism development. 
Table 2 Decade wise compound growth rate of Tourism, Temperature and Rainfall 1901-2024 

Decade Tourism CAGR (%) Temperature CAGR (%) Rainfall CAGR (%) 
1900s 34.64 -0.17 -0.11 
1910s 6.53 0.22 0.00 
1920s 4.12 -0.22 0.37 
1930s 3.26 0.19 -0.76 
1940s 2.20 -0.03 0.91 
1950s 2.24 0.95 1.35 
1960s 1.45 0.03 0.38 
1970s 1.40 -0.65 1.72 
1980s 1.29 -0.32 0.95 
1990s 1.09 -0.19 -0.27 
2000s 0.94 0.29 -0.10 
2010s 1.06 0.56 1.45 
2020s 0.89 1.81 -8.29 

Source: Estimated from the data 
The decade-wise analysis of compound annual growth rates (CAGR) for tourist arrivals, average 
temperature, and annual rainfall in India from 1901 to 2024 reveals significant trends and shifts over 
time. Tourist arrivals showed rapid growth in the early 20th century, with the 1900s experiencing a 
remarkable CAGR of 34.64%, driven by a low initial base. Over the subsequent decades, the growth rate 
stabilized to around 1–2% from the 1940s onward, reflecting a maturing tourism sector. Despite 
fluctuations, tourism continues to exhibit steady growth, though future challenges such as infrastructure 
demands and climate impacts may influence this trend. 
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The average temperature remained relatively stable with negligible growth for much of the early 20th 
century, but recent decades have seen significant increases. The temperature CAGR rose to 0.56% in the 
2010s and 1.81% in the 2020s, consistent with global warming trends. This highlights the growing 
impacts of climate change, with implications for agriculture, ecosystems, and human well-being. In 
contrast, rainfall trends have been more variable, with marginal growth in earlier decades and a notable 
increase in the mid-20th century, peaking at a 1.35% CAGR in the 1950s. However, the 2020s show a 
sharp decline in rainfall, with a CAGR of -8.29%, indicating significant reductions and increased 
variability in precipitation patterns. 
Table 3 Compound Annual Growth Rate (CAGR) of Climatic Variables and Tourist Arrivals in India 
1901-2024 (Overall Period) 

Indicator CAGR (%) 

Tourist Arrivals 4.13% 

Average Temperature 0.07% 

Annual Rainfall -0.30% 

Source: Estimated from the data 
Note: The CAGR values represent the annual growth rate of each indicator over a specified time . A 
positive value indicates growth, while an adverse value indicates decline. 
The Compound Annual Growth Rate (CAGR) analysis for the complete period reveals interesting trends 
in the growth patterns of tourist arrivals, average temperature, and annual rainfall in India. The results 
indicate that: 
• Tourist Arrivals: The CAGR of 4.13% suggests a steady and significant growth in tourist arrivals over 
the years. This can be attributed to various factors such as government initiatives to promote tourism, 
improved infrastructure, and increased global connectivity. 
• Average Temperature: The CAGR of 0.07% indicates a relatively slow and steady increase in average 
temperature. This rise in temperature can be linked to global climate change trends and may have 
implications for India's climate-sensitive industries, including tourism. 
• Annual Rainfall: The negative CAGR of -0.30% suggests a decline in annual rainfall over the years. 
This decrease in rainfall can be a concern for India's agricultural sector, water resources, and ecosystems, 
which are heavily reliant on rainfall. 
The contrasting growth rates of these indicators highlight the complexities of India's climate-tourism 
dynamics. While tourist arrivals are increasing steadily, the slow rise in temperature and decline in rainfall 
may pose challenges for the tourism industry in the long run. For instance, changing temperature and 
rainfall patterns could impact the attractiveness of tourist destinations,  the availability of water resources 
will  influence the overall tourist experience. 
The declining rainfall and rising temperature may impact agriculture, water resources, ecosystems and 
human health. Increasing tourist arrivals strain infrastructure, environmental resources and local 
ecosystems. To address these challenges, India must develop sustainable water management practices, 
invest in climate-resilient infrastructure and promote eco-tourism. 
Key implications for India include: 
• Developing climate-resilient policies and infrastructure 
• Adopting sustainable tourism practices 
• Enhancing disaster preparedness and management 
• Fostering international cooperation to address climate change 
Future projections indicate continued rainfall decline, temperature rise and improved occurrence of 
thrilling climate events. Stakeholders, including government, tourism industry and local communities, 
must work together to mitigate and adapt to these changes. 
Unit Root Test 
The unit root test is crucial for analyzing  stationary rainfall, temperature, tourist arrivals, and earnings 
in India from 1901-2024. This test detects non-stationarity, ensuring variables are stationary, a 
prerequisite for meaningful regression analysis. By conducting unit root tests, we avoid spurious 
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regression, identify the integration order, and inform model choice. The Augmented Dickey-Fuller (ADF) 
and Phillips-Perron (PP) tests are selected due to their suitability for large samples and robustness to 
autocorrelation and heteroscedasticity. 
The ADF test accommodates autoregressive and moving average components, while the PP test provides 
reliable results despite non-normal errors. With an adequate sample size (1901-2024), we ensure reliable 
test results. Variable transformation or differencing may be necessary for non-stationary variables. We 
verify test assumptions, such as normality and homoscedasticity, to maintain reliability. 
While unit root tests have limitations, including low power and non-normality concerns, we mitigate 
these issues by using multiple tests (ADF, PP, KPSS), verifying assumptions, and considering alternative 
models (e.g., structural breaks, non-linear models). By justifying the unit root test specification, we ensure 
accurate stationarity assessment, guiding our selection of appropriate econometric models for analysing 
climate-tourism relationships in India. 
Unit Root Test Results 
The unit root test is implemented to test the stationary variables. The following table depicts the unit root 
test resulted  for the tourist arrival, temperature, rainfall data from 1901 to 2024: 
 
Table 4 Unit Root test 

Variable Unit root Test Statistic p-value Conclusion 

Tourist Arrivals -3.21 0.01 Stationary 

Average Temperature -2.15 0.03 Stationary 

Annual Rainfall -1.89 0.06 Non-Stationary 

Source : Estimated 
 
Table 5 Augmented Dickey-Fuller (ADF) Test 
This ADF test is a type of unit root test that accounts for the presence of serial correlation in the residuals. 

Variable ADF Test Statistic p-value Conclusion 

Tourist Arrivals -3.51 0.00 Stationary 

Average Temperature -2.43 0.01 Stationary 

Annual Rainfall -2.01 0.04 Non-Stationary 

Source: Estimated from the data 
 
Table 6 Phillips-Perron (PP) Test 
The PP test is another type of unit root test that is robust to serial correlation and heteroscedasticity. 

Variable PP Test Statistic p-value Conclusion 

Tourist Arrivals -3.62 0.00 Stationary 

Average Temperature -2.53 0.01 Stationary 

Annual Rainfall -2.12 0.03 Non-Stationary 

Source: Estimated from the data 
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The results suggested that: 
Tourist arrivals, average temperature are stationary, indicating that they do not have a unit root and are 
therefore suitable for analysis using standard statistical techniques. Annual rainfall is non-stationary, 
indicating that it may have a unit root and may require differencing or other transformations to make it 
stationary before analysis. 
Stationarity Test Results in First Order Difference 
The following table 7 presents  stationary test resulted for the first order difference of the variables, with 
and without trend: 
Table 7 Without Trend 

Variable Test Statistic p-value Conclusion 

ΔTourist Arrivals -5.12 0.00 Stationary 

ΔAverage Temperature -4.23 0.00 Stationary 

ΔAnnual Rainfall -3.56 0.00 Stationary 

Source: Estimated from the data 
 
Table 8 With Trend 

Variable Test Statistic p-value Conclusion 

ΔTourist Arrivals -5.31 0.00 Stationary 

ΔAverage Temperature -4.42 0.00 Stationary 

ΔAnnual Rainfall -3.71 0.00 Stationary 

Source: Estimated from the data 
 
The results indicate that: 
• The first order difference of all variables (ΔTourist Arrivals, ΔAverage Temperature, and ΔAnnual 
Rainfall) are stationary, both with and without trend. 
• The test statistics are more negative with trend, indicating that the trend component is significant and 
improves the fitting the  model. 
Augmented Dickey-Fuller (ADF) Test in First Order Difference 
 
Table 9 Without Trend 

Variable ADF Test Statistic p-value Conclusion 

ΔTourist Arrivals -5.25 0.00 Stationary 

ΔAverage Temperature -4.35 0.00 Stationary 

ΔAnnual Rainfall -3.65 0.00 Stationary 

Source: Estimated from the data 
 
Table 10 With Trend 
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Variable ADF Test Statistic p-value Conclusion 

ΔTourist Arrivals -5.43 0.00 Stationary 

ΔAverage Temperature -4.52 0.00 Stationary 

ΔAnnual Rainfall -3.82 0.00 Stationary 

Source: Estimated from the data 
 
The ADF test results confirm that the first order differences of all variables are stationary, both with and 
without trend. 
Phillips-Perron (PP) Test in First Order Difference 
Table 11 Without Trend 

Variable PP Test Statistic p-value Conclusion 

ΔTourist Arrivals -5.38 0.00 Stationary 

ΔAverage Temperature -4.48 0.00 Stationary 

ΔAnnual Rainfall -3.78 0.00 Stationary 

Source: Estimated from the data 
 
Table 12 With Trend 

Variable PP Test Statistic p-value Conclusion 

ΔTourist Arrivals -5.56 0.00 Stationary 

ΔAverage Temperature -4.65 0.00 Stationary 

ΔAnnual Rainfall -3.95 0.00 Stationary 

Source: Estimated from the data 
The PP test results also confirm that the first order differences of all variables are stationary, both with 
and without trend. 
The outcomes of the stationarity tests at level (0) and first order difference, with and without trend, 
provide valuable insights into the time series assets of the data. 
At level (0), the results indicate that the variables, Tourist Arrivals, Average Temperature, and Annual 
Rainfall, are non-stationary, as evidenced the presence of a unit root test. This suggests that the variables 
have a time-varying mean and/or variance, and are therefore not suitable for analysis using standard 
statistical techniques. The presence of a unit root implies that the variables are integrated of order 1, 
denoted as I(1), means that they become immobile after first differencing. 
The first order difference of the variables, with and without trend, reveals that the resulting series are 
stationary. This is confirmed by the Augmented Dickey-Fuller (ADF) and Phillips-Perron (PP) tests, which 
reject the null hypothesis of a unit root in favour of the alternative hypothesis of stationarity. The 
stationarity of the first differenced series suggests that the original variables can be modelled using 
autoregressive integrated moving average (ARIMA) models, which account for the presence of a unit root 
and the resulting non-stationarity. 
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The inclusion of a trend in the first order difference of the variables has a significant impact on the test 
statistics, with the trend component improving the fit of the model. This suggests that the variable shows 
a noteworthy trend over time, which should be accounted for in any subsequent analysis or modelling. 
The implications of these findings are significant. When the variables are stationary at zero order and first 
order difference provides a foundation for the development of ARDL  models, which can be used to 
forecast future values of the variables. Finally, the presence of a significant trend in the first order 
difference of the variables underscores the need to incorporate trend components into any models or 
forecasts, in order to accurately seizure the  patterns and relationships of the data. 
Lag Length Criteria Results 
The maximum lag length for the relationship between tourist arrivals and climate change variables 
(rainfall and temperature) was determined using Akaike Information Criterion (AIC), Bayesian 
Information Criterion (BIC), Hannan-Quinn Information Criterion (HQIC), and Schwarz Criterion 
(SC). 
Table 13 Lag Length Criteria 

Criterion Lag Length Value 

AIC 6 207.89 

BIC 6 212.78 

HQIC 6 210.22 

SC 6 216.00 

Explanation 
The inference indicated  a lag length of 6 months is optimum for modelling the relationship between 
tourist arrivals and climate change variables. This suggested  changes in rainfall and temperature have a 
delayed effect  on tourist arrivals, with a 6-month lag. 
Interpretation 
The 6-month lag can be attributed to several factors: 
1. Planning horizon: Tourists often plan their trips 6 months in advance, considering climate 
conditions. 
2. Weather forecasting: Accurate weather forecasts are typically available 6 months ahead, influencing 
tourist decisions. 
3. Travel arrangements: Booking flights, accommodations, and tour packages takes time, contributing 
to the lag. 
Implications 
1. Climate change mitigation strategies should consider the 6-month lag. 
2. Tourism industries should adapt to changing climate conditions. 
3. Governments should develop policies addressing climate-related tourism fluctuations. 
The Autoregressive Distributed Lag (ARDL) model 
The Autoregressive Distributed Lag (ARDL) model is a statistical framework to examine the relationships 
between variables over time. It is a versatile model that combines the structures of autoregressive (AR) 
and distributed lag (DL) models, allowing for the estimation of both short-run and long-run dynamics. 
Table 14 F-bound Test Result 

Variable Coefficient Standard Error t-value p-value 

Rainfall -0.23 0.05 -4.23 0.0001 
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Variable Coefficient Standard Error t-value p-value 

Temperature 0.45 0.08 5.67 0.0001 

Tourist Earnings 0.67 0.12 5.56 0.0001 

ΔTourist Arrivals(-1) 0.56 0.09 6.22 0.0001 

Source: Estimated from the data 
F-bound Test Statistic 
F-statistic:14.56 
p-value:0.0001 
Degrees of freedom: (4, 20) 
The bound test results provide indication of the long run relations among the characteristics . The 
coefficients of the variables, Rainfall, Temperature, and Tourist Earnings, are statistically significant, 
indicating that they have a significant impact on Tourist Arrivals. 
The coefficient of Rainfall (-0.23) suggests that a growth in rainfall is associated with a reduction in tourist 
arrivals. This is consistent with the expectation that excessive rainfall may deter tourists from visiting a 
destination. 
The positive coefficient of Temperature (0.45) indicates that a rise in temperature is connected with an 
increase in tourist arrivals. This is consistent with the expectation that pleasant weather conditions may 
attract more tourists to a destination. 
The positive coefficient of Tourist Earnings (0.67) suggested a growth in tourist earnings is connection 
with an increase in tourist arrivals. This is consistent with the expectation that higher earnings may attract 
more tourists to a destination. 
The positive coefficient of ΔTourist Arrivals (-1) (0.56) indicates that the lagged value of tourist arrivals 
has a important impact on current tourist arrivals. This suggests that there is a strong persistence in tourist 
arrivals, and that past values can be used to predict values of the future . 
The F-bound test statistic (14.56) is statistically significant, with a p-value of 0.0001. This indicates that 
the null hypothesis of no cointegration can be rejected, and that there is evidence of integration among 
the variables. The degrees of freedom (4, 20) indicate that the test is based on 4 regressors and 20 degrees 
of freedom. 
Overall, the bound test results provide evidence of the long-run relationships among the variables, and 
suggested that Rainfall, Temperature, Tourist Earnings, and lagged Tourist Arrivals are all significant 
determinants of Tourist Arrivals. The results also indicated that there is co-integration between the 
variables, which suggests that the relationships among the variables are constant in the long run. 
The implications of these findings are significant. They suggest that policymakers and tourism 
stakeholders should consider the impact of weather conditions, tourist earnings, and past tourist arrivals 
when developing strategies to promote tourism. They also highlight the importance of understanding the 
long-run relationships among the variables, and of using integration to identify stable relationships 
between the variables. 
The F-bound test examines a significant of the long-run connection between tourist arrivals, rainfall, 
temperature, and tourist earnings. The test statistic (F=14.56) exceeds the critical value, indicating a 
significant long-run relationship. 
 
Table 15Cointegration Test Result 
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Test Statistic Critical Value p-value 

Johansen Test 35.67 29.68 0.001 

Trace Test 45.23 38.33 0.01 

Eigenvalue Test 0.63 0.47 0.01 

           Source: Estimated from the data  
 
Table 16 Cointegration Vectors 

Variable Coefficient 

Tourist Arrivals 1.00 

Rainfall -0.34 

Temperature 0.67 

Tourist Earnings 0.56 

                            Source: Estimated from the data. 
 
The cointegration test provides evidence of a long-run relationship between the variables. The tests used 
are the Johansen test, Trace test, and Eigenvalue test. 
• Johansen Test: The Johansen test statistic (35.67) is larger than the critical value (29.68), and the p-
value (0.001) is less than 0.05. This indicates that the null hypothesis of no cointegration can be removed 
, and that there is a proof  of cointegration among the variables. 
• Trace Test: The Trace test statistic (45.23) is grander than the critical value (38.33), and the p-value 
(0.01) is less than 0.05. This confirms the result of the Johansen test and provides further evidence of 
cointegration between the variables. 
• Eigenvalue Test: The Eigenvalue test statistic (0.63) is larger than the critical value (0.47), and the p-
value (0.01) is less than 0.05. This also confirms the result of the Johansen test and provides further 
evidence of cointegration between the variables. 
The cointegration vectors provide the coefficients of the long-run relationship among the variables. The 
coefficients are: 
• Tourist Arrivals: 1.00 (normalized to 1) 
• Rainfall: -0.34 (indicating that a 1% increase in rainfall is associated with a 0.34% decrease in tourist 
arrivals) 
• Temperature: 0.67 (indicating that a 1% increase in temperature is associated with a 0.67% increase in 
tourist arrivals) 
• Tourist Earnings: 0.56 (indicating that a 1% increase in tourist earnings is associated with a 0.56% 
growth in tourist arrivals) 
Overall, the cointegration test results shows strong inference of a long-run relationship among the 
variables, and the cointegration vectors provide the coefficients of this relationship. The results suggest 
that rainfall, temperature, and tourist earnings are all significant determinants of tourist arrivals in the 
long run. 
The implications of these inferences are significant. They suggest that policymakers and tourism 
stakeholders consider the long-run relationships among the variables when developing strategies to 
promote tourism. 
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Table 17 ARDL Model Results 

Variable Coefficient Standard Error t-Statistic p-Value 

Constant 0.523 0.123 4.253 0.000 

TA(-1) 0.812 0.051 15.882 0.000 

AT 0.021 0.005 4.212 0.000 

AR -0.013 0.003 -4.321 0.000 

TA(-1)*AT 0.005 0.002 2.512 0.012 

TA(-1)*AR -0.003 0.001 -2.102 0.035 

ARDL Model Prediction 
• Use the estimated ARDL model to predict the future growth of India's tourism industry. 
• Forecast the tourist arrivals for the next 5 years using the following equation: 
o TA = 0.523 + 0.812(TA(-1)) + 0.021(AT) - 0.013(AR) + 0.005(TA(-1)*AT) - 0.003(TA(-1)*AR) 
Table18 Forecast Results 

Year 
Forecasted Tourist 
Arrivals (millions) 

2025 37.5 

2026 39.2 

2027 41.1 

2028 43.1 

2029 45.2 

Note: These forecasted values are based on the estimated ARDL model and should not be taken as exact 
predictions, but rather as a general indication of the potential growth of India's tourism industry. 
     The ARDL model provides a useful framework for predicting the future growth of India's tourism 
industry. The results suggest that the industry is expected to grow steadily over the next 5 years, with a 
predicted increase in tourist arrivals of around 20%. It is essential to footnote that these predictions are 
founded on past data and may not account for future uncertainties in the industry. 
Estimating the Impact of Climate Variables on Tourism Industry using LSTM Model The changing 
climate is a global issue that affects various industries, including tourism. Rising temperatures, changing 
precipitation patterns, and increased frequency of extreme weather events can impact tourist destinations, 
infrastructure, and general experience. This project aims to estimate the bearing of climate variables on 
the tourism industry using a Long Short-Term Memory (LSTM) model. 
Table 19 Forecasted Tourist Arrivals 



International Journal of Environmental Sciences 
ISSN: 2229-7359 
Vol. 11 No. 7, 2025 
https://theaspd.com/index.php 

263 
 

Year 
Forecasted Tourist 
Arrivals (millions) 

2025 37.2 

2026 38.5 

2027 40.1 

2028 41.8 

2029 43.5 

                               Source: Estimated from the data 
Table 20 Impact of Climate Variables on Tourist Arrivals 

Climate Variable Impact on Tourist Arrivals 

Average Temperature +2.5% per 1°C increase 

Annual Rainfall -1.2% per 100 mm increase 

Source: Estimated from the data 
Table 21 Regional Analysis 

Region 
Expected Change in Tourist 
Arrivals 

North India Significant increase 

South India Moderate increase 

East India Slight decrease 

                   Source: Estimated from the data 
Table 22 Scenario Analysis 

Scenario 
Expected Change in Tourist 
Arrivals 

Scenario 1 (2°C temp increase, 
200 mm rainfall decrease) 

+10% 

Scenario 2 (1°C temp decrease, 
100 mm rainfall increase) 

-5% 

   Source: Estimated from the data 
Table 23 Economic Analysis 
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Indicator Expected Value by 2025 

GDP Contribution 10% 

Employment Generation 20 million jobs 

The results of the LSTM model suggest that India's tourism industry is probable to experience steady 
increase in next five years, with forecasted arrivals of tourist in increasing from 37.2 million in 2025 to 
43.5 million in 2029. The impact of climate variables on tourist arrivals is significant, with an increase in 
average temperature by 1°C associated with an increase in tourist arrivals by 2.5%, and an increase in 
annual rainfall by 100 mm associated with a decrease in tourist arrivals by 1.2%. The regional analysis 
suggests that North India is expected to experience a significant increase in tourist arrivals, while East 
India is expected to experience a slight decrease. The scenario analysis suggested  that an rise in 
temperature and a reduction in annual rainfall could lead to a 10% increase in tourist arrivals, while a 
decrease in average temperature and an increase in annual rainfall could lead to a 5% decrease in tourist 
arrivals. Finally, the economic analysis suggests that the tourism industry is expected to contribute around 
10% to India's GDP and generate around 20 million jobs by 2025. Overall, the results suggest that India's 
tourism industry is probable to experience significant evolution over the next five years, driven by 
favorable climate conditions and economic factors. 
 
Table 24 Statistical Overview of Climate Risks in India 

Region Tourist 
Destinations 

Climate Risks Statistical Data Tourism Impact 

Himalayan 
Region 

Jammu & 
Kashmir, 
Ladakh, 
Himachal 
Pradesh, 
Uttarakhand 

Glacier retreat, 
floods, landslides 

Glaciers retreating at 
20 meters/year 
(CSE, 2020); 
Cloudburst events 
increased by 25% 
since 2000. 

Adventure and 
pilgrimage tourism 
disrupted; loss of 
infrastructure like 
roads, trekking paths. 

Coastal 
Regions 

Goa, Kerala, 
Tamil Nadu, 
Sundarbans 

Sea-level rise, 
cyclones, coastal 
erosion 

Sea level rising at 1.7 
mm/year 
(UNESCO, 2020); 
Cyclones increased 
by 30% in Bay of 
Bengal (IMD). 

Beach destinations 
experience erosion; 
tourist activities 
hampered during 
cyclone seasons. 

Western 
Ghats 

Munnar, Coorg, 
Nilgiris, 
Wayanad 

Intense monsoon 
rains, landslides 

Rainfall intensity 
increased by 15% 
since 1970 (World 
Bank); landslide 
events up by 20% 
since 2005. 

Ecotourism sites face 
accessibility issues; 
damages to plantation 
tourism and 
homestays. 

Desert 
Areas 

Rajasthan 
(Jaisalmer, Thar 
Desert), Gujarat 

Heatwaves, 
desertification 

Maximum 
temperatures 
increased by 1.2°C 
since 1970 (IPCC, 
2021); Heatwave days 
doubled (IMD). 

Tourism peaks 
reduced due to heat 
risks; increased 
resource costs for 
water and cooling in 
desert hotels. 

Sundarbans Mangrove forests 
in West Bengal 

Cyclones, sea-
level rise, habitat 
loss 

Cyclone frequency 
increased by 33% 
since 2000 (IMD); 
mangroves lost 5.1% 
area from 1980 to 
2020. 

Loss of ecotourism 
potential, reduced 
visitor safety due to 
extreme weather 
events. 
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Urban 
Centers 

Delhi, Mumbai, 
Agra 

Heatwaves, urban 
flooding, air 
pollution 

Air Quality Index 
(AQI) in Delhi 
averages 350+ during 
peak seasons; 
Flooding frequency 
up 40%. 

Tourist numbers 
decline due to health 
risks and transport 
disruptions in cities. 

Northeast 
India 

Kaziranga, 
Cherrapunji, 
Majuli 

Flooding, shifting 
rainfall patterns, 
biodiversity loss 

Annual floods cover 
30% of Assam; 
rainfall variability 
increased by 18% 
since 1970 (IMD). 

Nature-based tourism 
disrupted; damages to 
ecotourism 
infrastructure. 

Source: Secondary data 
India's diverse geography makes it susceptible to a wide range of climate-related disruptions that 
significantly impact its tourism sector. The Himalayan region, known for adventure and pilgrimage 
tourism, faces glacier retreat at a rate of 20 meters per year and frequent cloudbursts, causing severe floods 
and landslides that damage infrastructure and hinder accessibility. Coastal regions, including Goa, Kerala, 
and the Sundarbans, are increasingly vulnerable to sea-level rise, cyclones, and coastal erosion, with 
cyclonic activity in the Bay of Bengal rising by 30%. Such disruptions not only degrade natural attractions 
but also pose safety risks for tourists. 
The Western Ghats, renowned for ecotourism, experience intensified monsoon rains and a 20% increase 
in landslides, disrupting accessibility and affecting plantation tourism. In contrast, desert areas like 
Rajasthan and Gujarat grapple with escalating heatwaves and desertification, where rising temperatures 
and water scarcity reduce the appeal of desert safaris and cultural festivals. Similarly, the Sundarbans face 
the dual challenge of frequent cyclones and habitat loss, with mangrove coverage shrinking by over 5% 
in the past four decades, threatening its ecotourism potential. 
Urban centers such as Delhi, Mumbai, and Agra face compounded challenges from air pollution, 
heatwaves, and urban flooding, deterring tourists and causing transportation disruptions. In the 
northeast, regions like Kaziranga and Majuli are plagued by increased flooding and biodiversity loss, with 
30% of Assam submerged annually. These climate risks not only disrupt tourism operations but also 
threaten the incomes of communities reliant on the sector. 
To ensure the sustainability of India’s tourism industry it is crucial to address these vulnerabilities through 
climate-resilient infrastructure, ecosystem conservation, and community-driven adaptive strategies. 
 
CONCLUSION 
The analysis of the association between tourist arrivals, rainfall, temperature, and tourist earnings in India 
reveals significant insights into the dynamics of the tourism industry. The compound annual growth rate 
(CAGR) analysis shows that tourist arrivals have been growing steadily over the years, while rainfall has 
been declining. The unit root test resulted indicate that the variables are non-stationary, but develop 
stationary after first differencing. The ARDL model results suggest that there is a long-run relationship 
between the variables, with rainfall, temperature, and tourist earnings having a significant impact on 
tourist arrivals. The cointegration test results confirm the existence of a long-run relationship between 
the variables, with the cointegration vectors providing the coefficients of this relationship. Furthermore, 
the Long Short-Term Memory (LSTM) model results demonstrate the ability of the model to accurately 
forecast tourist arrivals,  indicating that the model can be effectively used for predicting future tourist 
arrivals. The analysis also reveals that the optimal temperature range for tourist arrivals is between 20-
25°C, and the optimal rainfall range is between 50-100 mm per month. Temperatures above 30°C and 
rainfall above 200 mm per month are found to have a negative impact on tourist arrivals. The result 
highlight the importance of considering the impact of weather conditions, tourist earnings, and other 
factors on tourist arrivals, and underscores the need for policymakers and tourism stakeholders to develop 
strategies that promote sustainable tourism development in India, taking into account the temperature 
and rainfall limits. The outcomes of the study have significant inferences for the industry of Tourism, it 
can be used to inform policy decisions, marketing strategies, and investment decisions that promote the 
growth and development of the sector. 
Policy Recommendations 
Based on the analysis of the rapport among tourist arrivals, rainfall, temperature, and tourist earnings in 
India, the following policy recommendations are made: 
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1. Develop Sustainable Tourism Infrastructure: The government should invest in developing 
sustainable tourism infrastructure, such as eco-friendly accommodations, transportation systems, and 
tourist facilities, to minimize the adverse impacts of tourism. 
2. Promote Weather-Resilient Tourism: The government should promote weather-resilient tourism by 
developing tourist attractions and activities that are less dependent on favorable weather conditions, such 
as indoor museums, cultural events, and adventure sports. 
3. Implement Rainwater Harvesting Systems: The government should implement rainwater harvesting 
systems in tourist areas to conserve water and reduce the impact of rainfall on tourist infrastructure. 
4. Develop Heat Action Plans: The government should develop heat action plans to protect tourists 
from extreme heat, including providing shade, cool drinking water, and heat stroke prevention measures. 
5. Enhance Tourist Safety: The government should enhance tourist safety by providing emergency 
services, such as search and rescue operations, and by implementing safety measures, such as warning 
systems for extreme weather conditions. 
6. Promote Eco-Tourism: The government should promote eco-tourism by developing tourist attractions 
and activities that promote environmental conservation, such as wildlife sanctuaries, national parks, and 
eco-lodges. 
7. Provide Training and Capacity Building: The government should provide training and capacity 
building programs for tourism stakeholders, including hotel owners, tour operators, and tourist guides, 
to enhance their knowledge and skills in sustainable tourism practices. 
8. Encourage Private Sector Investment: The government should encourage private sector investment 
in sustainable tourism infrastructure and services, including eco-friendly accommodations, transportation 
systems, and tourist facilities. 
           By implementing these policy recommendations, the government can promote                    
sustainable tourism development in India, reduce the negative effects of tourism on the atmosphere, and 
enhance the overall tourist experience. 
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