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Tourism is a fastest growing sector that 

drives social and economic development. 

For developing countries like PNG, it 

creates jobs, generates revenue, and 

promote cultural exchange. 

However tourism demand is highly 

sensitive to economic, political and digital 

factors, making it essential to understand 

these dynamics for effective planning and 

policy implementation.  
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Introduction

 Resource Planning: Accurate tourism demand 

prediction can assist tourism destinations in proper 

and effective allocation of resources and pricing 

(I.U Hewapathirana, 2023, Sun et al., 2022, Feng 

et al., 2019). 

 Policy and Strategy: and also to assist the 

government to invest properly and effectively to 

build tourist infrastructures (Lin et al, 2011).

 Economic Impact: Tourism ccontributes to GDP, 

jobs and revenue; forecasting helps anticipate 

future economic benefits.

 Sustainability: Prevents over or under utilization 

of resources supporting sustainable development.



Definition

Tourism: The activities of persons traveling to and
staying in places outside their usual environment for not
more than one consecutive year for leisure, business, and
other purposes (UNWTO).

Tourism Demand: the desire and willingness of
consumers to pay for tourism products and services at a
given price and time (UNWTO).

Forecasting: is the process of making predictions
based on past and present data and most commonly by
analysis of trends. A commonplace example might
be estimation of some variable of interest at some specified

future date. Prediction is a similar, but more general
term. Both might refer to formal statistical methods
employing time series, cross-sectional or longitudinal data,
or alternatively to less formal judgmental methods (Abas
Khan et al., 2021).



 To identify and assess the impact of socio-economic,

political, and digital indicators on tourism arrivals.

 To compare the prediction accuracy of Random Forest,

ARIMA and ARIMAX models.

 To forecast future tourist arrivals for 2025 and 2026.

Research Aim/Objectives 

To develop and evaluate predictive models for

forecasting tourist arrivals by examining the

influence of socio-economic, political, and

digital indicators, comparing the accuracy of

Random Forest, ARIMA, and ARIMAX

approaches, and generating reliable forecasts

for the years 2025 to 2026.

Research Aim Research Objectives:



Literature 

Review

No Single Best Model:
• Various methods exist for predicting tourism demand

(R. Shakir Al Jassim, 2022).
• No single model or method is universally best for

tourism demand forecasting (Duan, 2024).

Classification of Models:

• Tourism demand forecasting models can be 
classified into three main categories:
• Time Series Models
• Econometric Models
• Artificial Intelligence (AI) Models

(Song et al., 2019; Andariesta and Wasesa, 2021; 
Liang, 2022)

Hybrid Models:

Hybrid methods combine two or three models to 
improve forecasting accuracy (Xu K. et al., 2024).

Tourism Demand Prediction Models



Literature 

Review

Application of Random Forest Model in Tourism Demand 

Prediction

• Random Forest (RF) effectiveness: RF is
highly effective in tourism demand forecasting.

• Outperforms traditional models: RF
outperforms linear regression (Abdou et al.,
2022) and SARIMA (Hewapathirana, 2023).

• Key influencing factors: Climate, consumer
price index, political stability, and promotional
expenditure significantly impact tourism demand.

• Enhanced by digital data: Incorporating digital
indicators like Google Trends and TripAdvisor
reviews improves prediction accuracy.

• Strengths of RF: Handles complex relationships,
integrates diverse data sources, and provides
robust and reliable forecasts.

Image source: https://datahacker.rs/012-machine-learning-introduction-to-random-forest/



Literature 

Review

Application of ARIMA Model in Tourism Demand 

Prediction

ARIMA Model and Box-Jenkins Framework:
• ARIMA remains one of the most widely used time series 

forecasting methods in tourism demand research.
• Its strength lies in modeling temporal dependencies and 

handling non-stationary data across diverse geographic settings.

Petrevska (2016) Study – Macedonia:
• Applied Box-Jenkins ARIMA methodology to annual tourist 

arrivals (1956–2013).
• ARIMA(1,1,1) was the best model based on accuracy metrics.
• Forecast predicted a 13.9% increase in international arrivals by 

2018.
• Demonstrated ARIMA’s usefulness in supporting tourism 

development and risk mitigation.

Tharu Study – Nepal:
• Used ARIMA with diagnostic tools (ACF, PACF, Ljung-Box test) 

to ensure stationarity.
• Selected ARIMA(1,1,1) for best fit with lowest BIC.
• Forecast projected over 1.3 million arrivals for 2020 with 

confidence intervals.
• Showcased ARIMA’s practical role in tourism demand planning.



Literature 

Review

Application of ARIMAX Model in Tourism Demand 

Prediction

Song et al. (2019) Review:
• ARIMAX model improves on ARIMA by

including exogenous variables, capturing
dynamic cause-effect relations.

• ARIMAX and its variants outperform simpler
models (ARMA, SARIMA) in long-run
forecasting accuracy.

• Combining ARIMAX with mixed data
sampling techniques (MIDAS) enhances
flexibility and predictive power.

• ARIMAX is a valuable tool for tourism
demand forecasting.



Literature 

Review

Incorporation of Economic, Political and Digital Indicators 
in Tourism Demand Forecasting

Economic: Previous studies confirms the 
use of economic variables such as GDP, 
inflation, exchange rates can impact tourism 
demand (Song et al., 2019; Abdou et al., 
2021)

Political: Political factors such as political 
stability, governance quality, and geopolitical 
risks affect tourism demand. 

Digital indicators: Internet search trends, 
social media activity, and online reviews 
provide real-time, high-frequency insights 
into tourist interests and behavior (Ke Ma, 
2021; Rianda and Usman, 2022).



Methodology 

A) Data Collection sources: 
In this research, we employ a quantitative approach in predicting tourism demand incorporating Political,
Economic and Digital indicators, using secondary data obtained from UNWTO, PNG Department of Treasury,
World Bank, Country Economy and Google Trends.

Tourist 
Arrivals Data
 Total 

Tourist 
Arrivals

PNG Budget 
Data

 Tourism 
Funding

WDI DATA
 Inflation
 Political 

Stability
 Unemploy

ment

Country
Economy
 Global Peace 

Ranking
 Global Peace 

Index

Google Trends 
 PNG 

Tourism 
Search Data
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Methodology 

B) Data Preprocessing: 

To ensure data consistency and prepare the data for analysis,
several preprocessing steps were carried out. These includes data
cleansing, transformation, aggregation and handling of missing
values.

A. UNWTO dataset was filtered to include only PNG data

B. Google trends monthly data were merged into yearly data by
aggregating them

C. In cases where values were missing, the missing values were
replaced with the mean of the corresponding variables.

Fig1: Sample UNWTO DATA

Fig2: Sample Google trends monthly data
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Methodology 

C) Final Data frame: 

After cleaning and transforming all datasets, they were merged into a single data frame containing yearly 
observations for each variable from 1995 to 2022. This final dataset formed the basis for model training, 
evaluation, and forecasting. 

Fig3: Final data frame sample



Methodology 
E) Variable Lists and Description

Type of Variable Variable Name Variable Description

Dependent Variable Inbound Tourism Total
Total number of international tourist arrivals in 

PNG per year

Economic Indicator

Inflation Rate
Annual percentage change in the general price 

level of goods and services in PNG

Unemployment Total
Percentage of total labor force in PNG that is 

unemployed

Tourism Funding
Amount of money allocated by PNG 

government to promote and support tourism 

development measured in PGK

Political Indicator

Political Stability
Perceived likelihood of political instability, 

violence or terrorism (-2.5 = weak governance, 

2.5 = effective governance)

Political Stability NSources
Measures perceptions of the likelihood of 

political instability and/or politically-motivated 

violence, including terrorism.

Global Peace Index
Measures relative position of nations 

peacefulness based on levels of violence, 

conflict and political instability. 

Global Peace Ranking

PNG’s rank among all countries in terms of 

peacefulness according to the Global Peace 

Index. Lower value indicates more peaceful 

conditions. 

Digital Indicator PNG Google Trends Search Number of searches relating to PNG tourism

Variable Mean Median Min Max SD

Inbound_Tourism_Total (Thousand) 108.82 73.65 16.80 211.00 62.11

Inflation_Rate 7.28 5.34 0.911 17.28 4.63

Global_Peace_Index 2.05 2.05 1.98 2.0 0.04

Global_Peace_Ranking 82.47 82.47 66.00 103.0 7.7

PNG_Google_Trends_Search 228.4 213.5 00.00 772.0
244.

8

Political_Stability -0.61 -0.61 -0.92 -0.11 0.18

Political_Stability_NSources 5 5 4 6 0.6

Unemployment_Total 2.6 2.63 2.0 3.0 0.26

Tourism_Funding (million Kina) 9.98 9.8 3.0 27.5 7.35

D) Variable Descriptive Statistics

Table 2: Variable list and description

Table1: Variables descriptive statistics



Methodology 

F) Model Selection and Evaluation:

Random Forest model (RF): is a machine learning
method used in modeling predictions by combining
results from multiple decision trees ,

ARIMA and ARIMAX: are time series models that
capture historical patterns, with ARIMAX including
additional explanatory variables like economic and
political data. These explanatory variables help improve
forecasting when external factors influence demand.

Model performance was assessed using R², RMSE,
and MAE metrics.

Source: https://williamkoehrsen.medium.com/random-forest-simple-explanation-

377895a60d2d

Image source: https://towardsdatascience.com/an-introduction-to-time-series-

analysis-with-arima-a8b9c9a961fb/

Illustration1: Random Forest sample

Illustration2: Time Series forecasting sample



Results 

A) Tourism Demand PNG (1995 – 2022) B)  Tourism Demand vs Google 
Trends



Results 

C) Variable Importance: 
This bar plot shows the significance of each political,
economic and digital indicators on tourism demand
prediction.

Google Trends, Tourism Funding, and Total
Unemployment are the key drivers of tourism
demand prediction, while other variables have little
impact.



D) Economic Indicators Impact on Tourism Demand: 

The following graphs show how each Economic indicator impacts tourism demand prediction 

Positive correlation between tourism

arrivals and Tourism Funding

Explanation: Increase in tourism

funding resulted in increasing tourism

arrivals

Negative correlation between tourism

arrivals and Unemployment Total

Explanation: Increase in Total

Unemployment in the country results in

less tourist arrivals

Negative correlation between tourism

arrivals and Inflation Rate

Explanation: General increase in

prices of goods and services results in

less tourist arrivals



E) Political Indicators Impact on Tourism Demand: 

The following graphs show how each Political indicator impacts tourism demand prediction 

Negative correlation between tourism

arrivals and Global Peace Index.

Explanation: Less Peace in the

country results in less tourism arrivals

Slightly negative correlation between

tourism arrivals and Political Stability

Explanation: Relationship has not

been capture well.



F) Digital Indicators Impact on Tourism Demand:
This graph shows how google trends search data impacts tourism demand prediction 

Positive correlation between

tourism arrivals and google trends

search

Explanation: Increase in google

search for tourism in PNG results

in increasing number of tourists

arrivals



Results 

G) Model Evaluation Results:  

Best Accuracy: ARIMA outperforms both

Random Forest and ARIMAX in forecast

accuracy.

Best for Interpretability: ARIMAX offers insight

into the role of external factors, but with some

loss in forecast precision.

Random Forest shows excellent fit to training

data (high R²) but less accurate forecasts, which

is a red flag for overfitting.

Model R2 RMSE MAE

Random 
Forest

0.97 40.61 40.02

ARIMA - 12.04 9.46

ARIMAX - 33.35 20.42

Model Performance Summary



Results 

H) Model Forecast Summary (2017 – 2019) 

Year
Actual 

(Thousand)

RF 

(Predicted)

ARIMA 

(Predicted)

ARIMAX 

(Predicted)

2017 181.8 159 200 197.9

2018 194.8 157 205 197.3

2019 211.0 152 211 196.3

Accuracy Rate: 79% 95% 99.34%

 RF model prediction achieved 79% accuracy with a 

downward trend capturing downward trend after 2015

 ARIMA model prediction achieved 95% accuracy capturing 

upward trend

 ARIMAX model achieved 99% accuracy with downward trend



Results 

I) Model Forecast Summary (2023 – 2026) 

Model predictions after covid19 years significantly 

drops. 

RF achieved 61% accuracy for 2023 and 2024 
predictions.  

ARIMA achieved a 50% accuracy but with flat values. 

ARIMAX achieved 64% with rising forecasts , still 

underestimating actuals.

Year

Actual 

(Thousand)

RF 

(Predicted)

ARIMA 

(Predicted)

ARIMAX 

(Predicted)

2023 144.06 80.66 69 84.59

2024 132.07 86.94 69 91.21

2025 - 87.09 69 95.85

2026 - 86.44 69 99.32

Accuracy Rate: 61% 50% 64%



Results 

J) Model Forecast Summary (2023 – 2026) 

Despite poor model performance in predictions after covid19

years. We have observed that the growth trend was captured at

the 95% confidence interval where prediction achieved about

87% accuracy for both ARIMA and ARIMAX model

Year Actual 

(Thousand)

ARIMA (95 

CI)

ARIMAX (95 

CI)

2023 144.06 141.15 158.94

2024 132.07 170.90 183.13

2025 - 193.74 195.82

2026 - 212.99 203.29

Accuracy Rate: 87% 87%



Conclusion 

• This study identified online search interest (Google Trends), tourism funding, and
unemployment as the main factors affecting tourism demand and prediction in
Papua New Guinea.

• Other factors such as global peace index, inflation rate and political stability has
negative impact to tourism demand in PNG.

• The Random Forest model effectively highlighted these key variables, while the
ARIMA model provided the most accurate forecasts, especially for pre-COVID-19
periods.

• Although model accuracy decreased after the pandemic, combining machine
learning with traditional time series methods offers a robust approach to
understanding and predicting tourism trends. These insights can guide policymakers
and tourism stakeholders in making informed decisions to support sustainable
tourism growth.



Recommendations
Recommendations are directed to 

future researchers, government, 

and tourism stakeholders

Future Research
Future research should use more digital and socio-economic data,

advanced machine learning, and regional studies to improve
tourism forecasts

Boost Digital Marketing
The government should boost digital marketing and improve

PNG’s online presence to attract more tourists.

Steady Tourism Funding
Ensure steady funding for tourism projects and

marketing to enhance infrastructure and appeal.

Promote Peace
Focus on peace and security to create a safer

environment for visitors.

Control Inflation
Control inflation and keep tourism costs affordable

to stay competitive.

Application of Models in Tourism Forecasting
PNGTPA and other tourism stakeholders should explore the use

of different forecasting models to make more accurate forecasts


