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Abstract: This study forecasts Vietnam’s tourism revenue in the post-COVID-19
recovery period using a multi-model time series framework. The dataset includes
three groups (ID 292-294) covering tourism business performance, economic
sectors, and regional revenue. Six forecasting models are applied and evaluated using
MAPE, MAD, and MSD. Results show that decomposition and Holt—Winters
achieve the best accuracy (e.g., MAPE as low as 18%), while moving average
performs well in specific cases (MAPE = 28%). Forecasts indicate that tourism
revenue may nearly double by 2030, driven mainly by domestic demand and the non-
state sector, although international tourism recovers more slowly.
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INTRODUCTION

The global tourism industry has undergone unprecedented disruption due to the COVID-19 pandemic, leading
to a dramatic decline in international travel demand and tourism-related revenues (Chen et al., 2023). In Vietnam,
this impact was particularly severe, as international tourism, accounting for more than half of total tourism
expenditure, nearly collapsed during 2020, resulting in a substantial revenue loss exceeding USD 12 billion
(Kumar et al., 2025). Although domestic tourism temporarily played a compensatory role, its relatively low
spending capacity proved insufficient to fully offset the decline in international arrivals (Tran et al., 2023).

In the post-pandemic recovery phase, the Vietnamese tourism sector is entering a critical transition period
characterized by both opportunities and strategic challenges (Lin et al., 2023). The gradual recovery of global
travel demand, especially from 2025 onward, opens prospects for attracting international tourists. However, the
industry faces a fundamental dilemma: whether to continue relying on high-volume, low-spending domestic
markets or to shift toward higher-value segments that prioritize service quality and premium experiences (Nguyen
& Nguyen, 2024). This transformation requires robust analytical tools capable of capturing complex dynamics and
supporting evidence-based decision-making in an increasingly volatile environment.

Tourism demand forecasting has long been recognized as a crucial component for strategic planning,
investment decisions, and policy formulation (Li et al., 2024). Traditional forecasting approaches, including
descriptive statistics and single-model time series techniques, have been widely applied due to their simplicity and
interpretability. However, these methods often focus on isolated indicators such as tourist arrivals or aggregate
revenue and fail to capture the multidimensional interactions between key components of the tourism system
(Fatima & Rahimi, 2024). Furthermore, their predictive performance tends to decline in contexts characterized by
structural changes, high volatility, and complex seasonal patterns.

To address these limitations, recent studies have emphasized the use of advanced time series models and
hybrid forecasting approaches that integrate multiple techniques to improve accuracy and robustness. Traditional
statistical methods such as trend analysis, decomposition, moving averages, and exponential smoothing remain
widely used due to their effectiveness in capturing temporal patterns, including trend, seasonality, and irregular
fluctuations (Kahraman & Akay, 2023; Iftikhar et al., 2023; Mulla et al., 2024). In parallel, hybrid and machine
learning-based approaches have been introduced to enhance forecasting performance by integrating both linear
and nonlinear dynamics (Grandon et al., 2024; Li et al., 2024; Nguyen-Da et al., 2023).

However, despite these advancements, several critical limitations persist in the literature. First, many existing
studies focus on single-model or hybrid approaches without systematically comparing multiple forecasting
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techniques under varying data conditions, which limits the generalizability of their findings (Fatima & Rahimi,
2024; Montero-Manso, 2023). Second, most research assumes relatively stable demand patterns and does not
adequately account for structural disruptions caused by external shocks such as the COVID-19 pandemic, which
has significantly altered tourism dynamics and recovery trajectories (Lin et al., 2023; Kumar et al., 2025). Third,
there is a lack of comprehensive frameworks that integrate multi-source tourism data—such as business
performance, economic sectors, and regional characteristics—to capture the heterogeneous and uneven recovery
patterns observed across emerging markets like Vietnam (Nguyen-Da et al., 2023; Tran et al., 2023).

Therefore, there remains a clear need for a structured multi-model forecasting framework that not only
systematically evaluates different time series approaches but also captures post-COVID structural changes and
multi-dimensional tourism dynamics. Addressing this gap is particularly important in the context of Vietnam,
where the tourism sector is undergoing a complex recovery process characterized by strong domestic demand,
slow international recovery, and increasing regional disparities.

The main contributions of this research are threefold. First, it proposes a comprehensive analytical framework
that integrates multiple forecasting to the existing literature by advancing tourism demand forecasting in the
context of post-COVID recovery. Rather than relying on the common assumption of stable demand patterns, the
analysis explicitly incorporates structural disruptions and evolving recovery dynamics, thereby offering a more
realistic representation of tourism behavior in volatile conditions. In addition, the study develops a structured
multi-model comparative framework that enables a systematic evaluation of forecasting performance across
different time series approaches, addressing the limitation of model-specific bias observed in prior research.
Furthermore, by integrating multi-source tourism data including business performance indicators, economic
sectors, and regional characteristics, the research provides a comprehensive and multi-dimensional perspective on
tourism recovery, generating deeper empirical insights into the heterogeneous development patterns of Vietnam’s
tourism industry.

LITERATURE REVIEW
Traditional approaches to tourism forecasting

Forecasting has long played a fundamental role in tourism research, supporting policy planning, investment
decision-making, and development strategy development (Ma, 2025). Early approaches relied primarily on
qualitative assessments and simple statistical techniques (Kucharavy et al., 2023), where forecasting depended
heavily on direct observation, historical comparisons, and expert experience. These methods proved suitable in
small-scale contexts or when data was limited (Grandon et al., 2024).

However, this very simplicity is also its core weakness. Traditional methods are highly subjective, difficult to
replicate, and lack the ability to model the complex relationships within increasingly expansive and dynamic
tourism systems. In the context of increasingly abundant data and multifaceted influencing factors, continued
reliance on empirical methods is no longer sufficient to guarantee the accuracy and reliability of forecasts.

Time series models in tourism forecasting

With the advancement of statistical methods, time series analysis has become one of the most widely used
approaches in tourism demand forecasting. Time series models analyze historical data recorded over time to
identify underlying patterns such as trends, seasonality, and irregular fluctuations (Kaur et al., 2023). Among these
methods, decomposition techniques separate a time series into its core components, enabling a clearer
understanding of long-term and seasonal effects (Iftikhar et al., 2023). Moving average models are commonly used
to smooth short-term fluctuations (Mulla et al., 2024), while exponential smoothing techniques (Kahraman &
Akay, 2023), including single, double (Holt’s method), and triple (Holt—Winters method), are effective in
capturing both trend and seasonal dynamics (Lallawmzuali & Muniyan, 2025). In particular, the Holt—Winters
method has been widely recognized for its ability to handle both trend and seasonality simultaneously, making it
suitable for tourism data characterized by strong seasonal patterns. These models offer improved accuracy
compared to traditional methods and are widely applied in both academic research and practical forecasting
applications. However, the effectiveness of time series models depends heavily on data quality and availability.
Insufficient or noisy data can significantly reduce forecasting accuracy. Furthermore, individual models may
perform differently depending on the characteristics of the dataset, suggesting that no single method is universally
optimal.

Advanced and hybrid forecasting approaches

To overcome the limitations of single-model approaches, recent research has increasingly focused on hybrid
and multi-model forecasting techniques. These approaches combine multiple models to leverage their individual
strengths and improve overall predictive performance (Montero, 2023). Hybrid models often integrate statistical
methods with machine learning or ensemble techniques. For example, combining ARIMA models with
exponential smoothing or neural networks can enhance forecasting accuracy by capturing both linear and nonlinear
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patterns (Dhankhar et al., 2024). Ensemble approaches further improve performance by aggregating forecasts from
multiple models, reducing model-specific biases, and increasing robustness. In addition, feature selection and
dimensionality reduction techniques such as correlation analysis, principal component analysis (PCA), and
regularization methods like Lasso have been applied to improve model performance by identifying the most
relevant variables and eliminating redundant information (Fang et al., 2023). These methods are particularly useful
in tourism forecasting, where multiple factors (e.g., economic conditions, tourist behavior, and regional
characteristics) interact in complex ways.

Research gaps

Despite considerable advances in tourism forecasting, several key limitations remain. Much of the existing
literature assumes relatively stable demand conditions and does not adequately capture the structural disruptions
introduced by external shocks such as the COVID-19 pandemic. At the same time, forecasting approaches are
often applied in isolation, with limited efforts to systematically evaluate their performance across different data
conditions. In addition, current studies rarely integrate diverse data sources to reflect the heterogeneous recovery
patterns observed across sectors and regions. As a result, the ability of existing models to provide reliable and
context-specific insights remains constrained. These gaps underscore the need for a more integrated forecasting
framework that can account for structural changes while capturing the multi-dimensional dynamics of tourism
systems.

Research contribution

To address these gaps, this study proposes a comprehensive multi-model forecasting framework that integrates
descriptive statistical analysis, feature selection techniques, and multiple time series models. By systematically
comparing six forecasting methods and evaluating their performance across different datasets, this research aims
to provide a more accurate and reliable approach to tourism revenue forecasting. In addition, the study contributes
to the literature by applying this framework to Vietnam’s tourism sector, offering empirical insights into its
recovery and long-term development trends. This approach not only enhances forecasting accuracy but also
provides a practical foundation for strategic decision-making in tourism management.

METHOD

Based on the methodology flowchart presented in Figure 1, the study adopts a structured three-stage framework
for tourism revenue forecasting. In the first stage, data from multiple sources, including tourism business
performance, economic sectors, and regional indicators, is collected, cleaned, and integrated into a unified database
to ensure consistency and reliability for subsequent analysis.

The second stage focuses on deep feature selection to enhance model performance and reduce noise. This
process involves a combination of statistical and analytical techniques, including Principal Component Analysis
(PCA) for dimensionality reduction, Granger causality testing to identify causal relationships, and autocorrelation
as well as partial autocorrelation analysis to examine temporal dependencies within the data. These techniques
collectively enable the identification of the most relevant features that significantly influence tourism revenue.

In the final stage, a multi-model forecasting structure is implemented. Several time series models including
decomposition, moving average, single and double exponential smoothing, Holt-Winters, and ARIMA are applied
to generate first-layer forecasts. These individual model outputs are then aggregated using an ensemble approach
to produce the final forecast. Model performance is systematically evaluated using multiple error metrics,
including MAE, MAPE, MSE, and RMSE, to ensure robustness and reliability of the forecasting results.
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Fig 1. Research methodology

Step 1. This step describes the database collection and construction phase, where input data such as product
codes, sales figures, time periods, regions, and other information are aggregated and stored. This is a foundational
step that ensures the data is complete, consistent, and ready for analysis. This is crucial because the quality of the
input data determines the accuracy and reliability of subsequent analysis and forecasting steps.

Step 2: Present the in-depth feature selection phase to identify and retain the variables (features) that have the
greatest impact on revenue. This phase includes four main groups of analysis:

Correlation and multicollinearity analysis to eliminate duplicate variables (formula 1).

_ 2 =0 —y) )
V2O — 02X (y; — §)?

Where: X;: the value of the independent variable (e.g., advertising cost, selling price...). yj: the value of the
dependent variable (e.g., revenue). I'yy: the correlation coefficient, showing the degree and direction of the
relationship between the two variables (-1 <r < 1).

Component analysis and dimensionality reduction (PCA): extracting principal elements (formula 2).

_ SSbetween (2)
SStotal
Where: SSpetween: the sum of squared variances between the principal components. SS;qta1: the initial total

variance of the data. A: the proportion of variance explained by the principal component — the larger the A, the
more important the component.

Analysis of variance (ANOVA) and hypothesis testing: determining which variables significantly affect revenue
(formula 3).

Txy

_ Msbetween (3)
MSyithin
With: MSpetween: the mean square between groups, representing the difference between data groups.

MS.vithin: the mean square within a group, reflecting the variation within the group. F: the F statistic, used to test
the hypothesis whether the groups are statistically significantly different.
Advanced feature selection: using models like Lasso Regression to remove weak variables (formula 4).

mﬁin (%Z(}’i_){iﬁ)z +AZ|,B]-|) (4)

Where: yj: the actual value of the dependent variable (revenue). X;: vector of independent variables (input
characteristics). Bj: regression coefficient of each variable (the level of influence of that variable). n: number of
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observed samples. A: regularization parameter, controlling the level of penalty for B]-, and if A is large — many
variables are eliminated to zero.

These parameters help quantify the relationship, the level of influence, and the statistical significance of each
variable in the model, thereby selecting the most important characteristics for revenue forecasting. Selecting and
optimizing input variables plays a crucial role in improving the accuracy of the revenue forecasting model.
Through statistical analyses such as correlation, PCA, ANOVA, and Lasso Regression, analysts can eliminate
redundant variables, reduce noise, and retain only the factors that truly influence the results. The result is a more
concise, stable model that accurately reflects the nature of the relationship between business factors and revenue.

Step 3: Present the phase of building a multi-model structure to forecast revenue more accurately. In this step,
various forecasting methods such as ARIMA, trend, moving average, and exponential smoothing are combined to
create a first-layer forecast. These results are then aggregated using the Ensemble algorithm to produce the final
forecast, and accuracy is assessed using error metrics such as MAE, MAPE, MSE, and RMSE.

Trend Analysis: Modeling trends using regression (formula 5). Forecasting the factory's annual production
output and analyzing population trends over time.

Y =a+ bt (5)

Where: a: constant (intersection point at t=0), b: trend coefficient (slope, rate of change over time).

Decomposition: Break down the time series into its components: trend, seasonality, and irregularity (formula
6). Forecast tourist numbers by month (with clear seasonality).

Yt:Tt+St+et (6)

With: T;: trend component. S;: seasonal component.e;: irregular component.

Moving Average: Smooth data using a moving average (formula 7). Smooth sales data to eliminate short-term
fluctuations. Track the 7-day average stock price.

Yi+ Y g+ -+ ¥,
MAtZ t tln t-—n+1 (7)

Where: n: number of moving average periods. Y ;: observed value at time t.
Single Exponential Smoothing: Short-term forecast for a chain with no clear trend (formula 8). Forecast of
daily demand for convenience stores.

Fipy=a¥y+ (1 - a)F, (8)
Where: a: smoothing coefficient (0 < a < 1). ¥; actual value at time t. F: forecast value at time t.
Double Exponential Smoothing (Holt’s Method): Applied to trending chains (formula 9). Forecasts quarterly
revenue to show a steady upward trend over time.
Ly=aY+ (1 —a)(Li—q +Tiq)
Te=BL¢—Li-1)+ (A — BT 9
Feym =L+ mT,
Where: a: level smoothing coefficient. B: trend smoothing coefficient. L;: level value at time t. T;: trend slope.
m: number of forecast periods.

Winters’ Method (Holt-Winters): Forecasts product lines that incorporate both trends and seasonality (Formula
10). Forecasts monthly sales with seasonal factors (such as beer, air conditioners).

Y,
+ (A —-a)(Le—q +Teq)

.
L=«
t—s

T =B(L¢—Le—1) +(1— BT
Y
S = YL—t +A-y)S_s
t

\ Feym = (L + mMT)Si—s4m
Where: a: smooths the level. B: smooths the trend. y: smooths the season. s: length of the season cycle. L, Ty,
S : are the level, trend, and season, respectively.

(10)

RESULT
Present the entire process of data processing, analysis, and experimental results of the study. This includes a
description of the dataset, data collection methods, and data architecture, along with visual and statistical analysis
steps to clarify data characteristics. Following this are the analysis results at each model step (from data collection
and feature selection to forecasting), helping to evaluate the accuracy and effectiveness of the proposed method.
Present the origin, structure, and characteristics of the data used in the study. This includes a flowchart of the data
collection method, a description of the architecture and key data variables, along with visual and descriptive
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statistical analysis to understand trends, distributions, and relationships between variables. This is a crucial
foundation for ensuring the reliability and suitability of the data for subsequent analysis steps.

Data information

The data is structured into three main groups: ID 292 is tourism business performance data categorized by group
(such as group (Revenue of accommodation establishments), group (Revenue of travel agencies), group (Number
of international visitors including visitors served by accommodation establishments + visitors served by travel
agencies)). ID 293 is tourism revenue data at current prices, categorized by economic type into two groups: State-
owned and Non-State-owned. ID 294 is tourism revenue data at current prices categorized by locality into regional
groups (such as group (Red River Delta), group (Northern Midlands and Mountains), group (North Central and
Central Coastal Region), group (Central Highlands), group (Southeast Region), group (Mekong Delta)).
Information for each data set is shown in Table 1.

Table 1
Data Information

No. Items

Tourism Business Results:

-ID 292-1: Revenue of Accommodation Establishments (Billion VND)

-ID 292-2: Revenue of Travel Agencies (Billion VND)
ID 292 -ID 292-3: Number of Domestic Tourists (Guests served by Accommodation
Establishments + Tourists served by Travel Agencies)
-ID 292-4: Number of International Tourists (Guests served by Accommodation
Establishments + Tourists served by Travel Agencies)

Tourism revenue at current prices, categorized by economic sector:
1D 293 - ID 293-1: State-owned economy
- ID 293-2: Non-state-owned economy

Tourism revenue at current prices, broken down by region:
- ID 294-1: Red River Delta
- ID 294-2: Northern Midlands and Mountains

ID 294 - ID 294-3: North Central and Coastal Regions

- ID 294-4: Central Highlands

- ID 294-5: Southeast Region

- ID 294-6: Mekong Delta

Data collection flowchart

The flowchart describes a tourism information system consisting of two main stages. The interface layer
collects request from users through channels such as mobile applications, Google Maps, and websites. This data
goes to the processing layer, where the system performs filtering and grouping of data by type/region. Then, it
processes the data from the tourism database and returns the approved results to the user (Figure 2).
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Figure 2 presents the data collection and processing workflow of the tourism information system. Users access
the system through multiple platforms such as mobile applications, Google Maps, and websites, generating input
data. This data is then processed through a filtering and categorization stage, where it is grouped based on
predefined criteria. The system interacts with the central database to retrieve and refine relevant information, which
is subsequently validated and delivered back to users. This workflow ensures efficient data organization and
supports reliable analysis for forecasting purposes.

Statistical data analysis

Provide the Max, Min, After, and Sigma values for each ID to assess the accuracy of the data, as shown in Table
2.

Table 2
Statistical data analysis
Data name Max Min After Sigma Evaluate
ID 292-1 94101 23690 58198 28349 Pass
ID 292-2 78991 8999 42405 29979 Pass
ID 292-3 215242 63770 142703 66715 Pass
ID 292-4 70280 3396 29514 28625 Pass
ID 293-1 2716 279 1524 867 Pass
ID 293-2 68938 8262 37340 26447 Pass
ID 294-1 29636 3938 16088 11084 Pass
ID 294-2 1070 133 574 414 Pass
ID 294-3 12907 1061 6111 5304 Pass
ID 294-4 273.7 51 146.7 92.5 Pass
ID 294-5 32412 3502 17948 12105 Pass
ID 294-6 2692 314 1537 1089 Pass
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Table 2 presents descriptive statistical indicators for each dataset, including maximum (Max), minimum (Min),
mean (After), and standard deviation (Sigma), to assess data distribution and consistency. The results show that
all variables exhibit reasonable value ranges and acceptable variability, indicating no abnormal fluctuations or
extreme outliers. The “Pass” evaluation across all IDs confirms that the data is reliable and suitable for subsequent
analysis and forecasting. In particular, the relatively high Sigma values in some variables reflect natural variability
in tourism-related indicators, which is expected in real-world data and does not compromise overall data quality.

Data visualization
Here, we will describe the three IDs using a Time Series model to provide the most intuitive view, as shown in
Figure 3.

we Sories Tl of Dot I 1l Dwart g 10, Thng 36 luek Tiewa Sewim Pt o Kk 0 Mndk rmc (1) fem, Kio o rgmes Hia mooe Thow Sates Mot of Bing g &4 Basn du b, iy Tremg N

Oom

ID 292 ID 293 1D 294
Fig. 3 Data visualization of ID292 ID293 1D294

Figure 3 presents the time series visualization of three main data groups (ID 292, ID 293, and ID 294),
highlighting the trends and dynamics of Vietnam’s tourism indicators over time. For ID 292, all variables including
accommodation revenue, travel service revenue, and tourist volumes show a clear upward trend after an initial
decline, reflecting a strong recovery phase in tourism activities. Notably, domestic tourist numbers increase
significantly, indicating their dominant role in driving overall tourism demand. In ID 293, the non state economic
sector exhibits a rapid and consistent growth trend, while the state sector remains relatively stable at a lower level.
This suggests that the non-state sector plays a key role in the expansion of tourism revenue. For ID 294, regional
disparities are clearly observed. The Southeast region and the Red River Delta demonstrate strong growth patterns,
whereas other regions show more moderate increases. This indicates an uneven spatial distribution of tourism
development across regions.

Evaluating the performance of the models

MAPE (Mean Absolute Percentage Error) (Eq. 11) measures the mean absolute error as a percentage, helping
to assess the relative accuracy of the model. While easy to interpret, this metric is less suitable when the actual

value is too small or zero.
1 n
MAPE = —Z
n

Ve — It
- Ve
With: n: number of observations (data points), y;: actual value at time t, J,: predicted (forecasted) value at time
t.
MSE (Mean Squared Error) (Eq. 12) reflects the degree of deviation through the square of the error, strongly
highlighting large deviations in forecasts. This is an effective measure for model optimization, but its square unit
makes it difficult to visualize.

1y

n
1
MSE =ZZ()’t_yt)2 (12)
t=1

With: n: number of observations,

MSD (Mean Squared Deviation) (Eq. 13) measures the sign error, indicating whether the forecasting model is
biased up or down. However, because the error can be canceled out, MSD is not used to assess overall accuracy
but mainly to determine bias.

n
1
MSD == (.= 9, (13)
t=1

Experimental results
The decomposition and Winter’s Method tend to provide better forecasting performance across most IDs, as
they often yield lower MAPE and MSD values. For example, in ID 292-1, Decomposition has the lowest MAPE
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(22) and MSD (100,342,297), while Winter’s Method performs well with MSD of 163,718,766. In ID 292-3,
Decomposition again gives the best accuracy with an MAPE of 18 compared to 51 in Double Smoothing. However,
in some cases, like ID 294-3, the Moving Average performs best with the lowest MAPE (28) and MSD (4,424,067).
Notably, Double Smoothing frequently shows poor performance, such as in ID 292-1 with a very high MSD
(9,551,063,736). Therefore, Decomposition is generally the most consistent method, while Moving Average or

Winter’s Method may be preferable depending on specific datasets, as shown in Table 4

Table 4
Experimental results
I | Eva. Trend Decomposition | Moving Single Double Winter’s
D. Analysis Average Smoothing Smoothing Method
1 | MAPE 24 22 41 33 66 26
2D9 MAD 7445 9534 29856 16172 24707 11539
21- MSD 103520651 100342297 911806902 384742039 | 9551063736 | 163718766
I | MAPE 48 44 54 39 116 58
2D9 MAD 6161 10488 31255 13119 21447 14546
22- MSD 70767014 122646970 122646970 313853878 671804780 | 237841905
[ | MAPE 21 18 38 23 51 24
2D9 MAD 18289 20874 68901 31272 56667 28036
23' MSD 467022772 600674867 911806902 | 2059757747 | 4524261523 | 103511513
7
I | MAPE 104 103 64 80 277 137
2D9 MAD 9286 9356 28730 10800 19853 18833
i- MSD 104122359 104115368 | 1015217406 162705925 474374718 | 431026324
I | MAPE 97 52 161 104 105 71
2D9 MAD 593 550 1307 594 675 696
3,1- MSD 559608 462314 2308263 733119 708523 683299
I | MAPE 46 41 47 120 52 56
2D9 MAD 5377 8911 16418 24081 6199 12724
32- MSD 49931144 93560326 362737637 628334299 63379316 | 190049143
I | MAPE 41 37 45 34 46 49
g MAD 2182 3570 6972 4718 2537 4905
41- MSD 8667100 14594360 63577194 43253230 11005451 | 27611290
1 | MAPE 44.7 43.5 47.4 36.6 49.5 59.4
2D9 MAD 88.9 135.2 254 142 96.7 211
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‘;' MSD 12682.6 19970.3 83645.6 628334299 16134.1 47837.0
I | MAPE 66 64 45 28 75 147
g MAD 1183 1425 3038 1505 1342 7631
‘;- MSD 1693912 2284243 12562658 4424067 2162238 | 102399379
I | MAPE 28.466 20.560 34.53 26.99 31.741 21.990
2D9 MAD 21.536 20.065 58.6 44.03 24.221 21.372
‘:1- MSD 580.538 440.293 4925.86 3788.58 736.835 648.736
1 | MAPE 55 48 66 52 63 21.990
2D9 MAD 2917 4847 8418 6264 3399 21.372
45- MSD 15556417 26653325 88766723 67044197 19752154 648.736
I | MAPE 52 40 40 32 57 61
2D9 MAD 286 393 630 457 322 572
46- MSD 108782 241871 707977 544087 137915 506123

Table 4 presents the comparative performance of six forecasting models across different datasets using multiple
error metrics, including MAPE, MAD, and MSD. Overall, the results indicate that no single model consistently
outperforms others across all datasets, highlighting the importance of model selection based on data characteristics.

Among the evaluated methods, the decomposition approach generally achieves the lowest MAPE values in
several cases ID 292-1, ID 292-3, indicating strong performance in capturing both trend and seasonal patterns.
Similarly, Holt—-Winters (Winter’s Method) also demonstrates relatively stable and competitive results across
multiple datasets, particularly in cases with clear seasonality.

In contrast, the double exponential smoothing method frequently produces significantly higher error values,
especially in terms of MSD, suggesting its limitation in handling complex seasonal structures. The moving average
method performs well in specific cases ID 294-3, indicating its suitability for smoothing short-term fluctuations
in certain datasets. Furthermore, the results reveal variations in model performance across different groups. For
example, datasets in ID 292 (tourism demand indicators) tend to favor decomposition methods, while some
regional datasets (ID 294) show better performance with simpler smoothing techniques.
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Fig. 4 Visual for 6 model

Figure 4 provides a comprehensive visualization of forecasting results across six-time series models applied to

multiple datasets (ID 292, ID 293, and ID 294), covering tourism demand, economic structure, and regional
indicators. The figure enables a direct comparison between actual data, fitted values, and forecasted outputs for
each method, thereby revealing the strengths and limitations of different modeling approaches under varying data
conditions. Overall, models that incorporate both trend and seasonality, particularly the decomposition method
and Holt—Winters approach, consistently produce forecasts that closely follow the underlying data patterns. These
models demonstrate strong capability in capturing long-term growth trends and cyclical fluctuations, especially in
datasets with clear seasonal behavior such as tourism demand and regional activity.
In contrast, simpler approaches such as moving average and single exponential smoothing tend to generate overly
smoothed forecasts, often failing to respond adequately to rapid changes or structural shifts in the data. Double
exponential smoothing shows unstable behavior in several cases, particularly when handling datasets with strong
seasonal variations, leading to larger deviations from observed values. Furthermore, the results highlight
significant variation across datasets. For ID 292 (tourism demand indicators), most models capture the upward
recovery trend, but only seasonal models accurately reflect fluctuations. For ID 293 (economic sectors), the non-
state sector exhibits strong growth patterns that are better captured by trend-based and decomposition methods.
For ID 294 (regional data), clear spatial disparities are observed, with some regions showing stable growth while
others display higher volatility, affecting model performance. Figure 4 confirms that forecasting performance is
highly dependent on both model structure and data characteristics. No single model consistently dominates across
all cases, reinforcing the necessity of a multi-model framework to improve forecasting robustness and adaptability,
particularly in the context of post-COVID tourism recovery where structural changes and uncertainties remain
significant.
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DISCUSSIONS

The empirical findings highlight several important patterns in Vietnam’s tourism recovery and long-term
growth trajectory. As illustrated in Figure 3 and Figure 4, the time series analysis confirms a clear upward trend
across most indicators, particularly after the post-pandemic recovery phase. The results suggest that tourism
demand in Vietnam is transitioning from short-term recovery to a more stable and sustainable growth stage. This
is further supported by the forecast results for the 2025-2030 period, which indicate substantial expansion in both
revenue and visitor volume. From a methodological perspective, the comparative analysis of six forecasting
models demonstrates that no single model consistently outperforms others across all datasets. However,
decomposition and Holt—Winters methods generally provide the most reliable performance, as evidenced by lower
MAPE and MSD values in Table 4. These findings are consistent with previous studies emphasizing the
effectiveness of decomposition techniques in capturing both trend and seasonality (Iftikhar et al., 2023), as well
as the robustness of Holt—Winters models in handling seasonal tourism data (Lallawmzuali & Muniyan, 2025). In
contrast, the relatively poor performance of double exponential smoothing in several cases reflects its limitation
in modeling complex seasonal structures.

At the structural level, the analysis of dataset groups (ID 292, 293, and 294) reveals a strong imbalance in the
drivers of tourism growth. As shown in Table 5, domestic tourism (ID 292-3) continues to dominate in terms of
volume, reaching projected levels of over 500 million visitors by 2030, while international tourism (ID 292-4)
exhibits slow recovery and stagnation. This imbalance raises concerns regarding the sustainability of revenue
growth, as domestic tourists typically generate lower spending per capita. Similar observations have been reported
in recent tourism studies, where post-pandemic recovery is often driven by domestic demand rather than
international markets (Lin et al., 2023). Furthermore, the non-state economic sector (ID 293-2) emerges as the
primary contributor to tourism revenue growth, significantly outperforming the state sector. This finding highlights
the increasing role of private enterprises in driving innovation and service quality within the tourism industry.
From a regional perspective, the Southeast region (ID 294-5) maintains its leading position, while the Central
Highlands (ID 294-4) demonstrates exceptional growth potential, suggesting a shift toward more geographically
diversified tourism development. This trend aligns with the concept of decentralized tourism expansion observed
in emerging markets (Nguyen-Da et al., 2023).

Table 5
Analysis of research results

1D 20202024 2025-2030 Remarks
ID 292-1: Recovered from the Continues stable growth, | Recovery and sustainable
Accommodation | lowest level of reaching 207,262 billion | growth of services
revenue 23,690.4 billion VND | VND by 2030

in 2021 to 94,101.4

billion VND in 2024
ID 292-2: Increased from Continues to grow, Shows the important role of
Travel agency 16,492 to 78,990.5 reaching 89,142.2 billion | travel services in high-
revenue billion VND VND value tourism
ID 292-3: Reached 215,241.5 Continues to grow, Domestic demand is the
Domestic thousand visitors in reaching 500,511 main driver in terms of
tourists 2024 thousand visitors by volume

2030

ID 292-4: Slow recovery, Remains stable at More investment is needed
International reaching 70,280.3 around 59,313 thousand | to increase international
tourists thousand visitors in visitors throughout the demand

2024 period
ID 293-1: State | Reached 1,673 billion | Slow growth trend, Accounts for a small
sector VND in 2024 reaching 5,168.49 billion | proportion

VND
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ID 293-2: Non-
state sector

Strong growth from
8,261.5(2021) to

Reaches 189,449 billion
VND by 2030

The main driver of the
industry should be

68,937.9 billion VND prioritized for development
(2024)
ID 294-5: Leading in revenue: Continues strong The high-revenue region
Southeast 32,412.3 billion VND | growth, reaching needs focus to maintain its
region (2024) 633,638 billion VND position
ID 294-4: Reached 273.7 billion | Breakthrough potential, | Expected rapid growth
Central VND in 2024 reaching 665,679 billion | requires strategic
Highlands VND positioning
ID 294-2: Reached 1,070.4 Steady growth, reaching | Needs cultural preservation
Northern billion VND in 2024 | 42,082.7 billion VND and high-quality tourism
midlands and development
mountainous
region

Other regions
(294-1, 294-3,
294-6)

Reached 29,635.8;
12,906.7; 2,691.6
billion VND
respectively in 2024

Reached 31,911.3;
13,737.8; 2,754.1 billion
VND

Maintain stable growth;
focus on quality to increase
visitor spending and stay
duration

Compared with previous studies, this research provides a more comprehensive and multidimensional
perspective by integrating 12 variables and multiple forecasting models. While prior studies often rely on single-
model approaches or a limited set of indicators (Li et al., 2024), the findings demonstrate that a multi-model
framework enhances forecasting reliability and better captures the complexity of tourism dynamics. The results
reveal a clear post-COVID recovery trajectory of Vietnam’s tourism sector, accompanied by notable structural
shifts. Tourism revenue is projected to reach nearly 300 trillion VND by 2030, reflecting not only overall growth
but also the increasing contribution of the non-state sector, which emerges as the primary driver of expansion. In
contrast, the state sector maintains a relatively modest role, indicating a shift toward a more market-driven tourism
economy.

At the demand level, domestic tourism continues to dominate in terms of volume, while international tourism
shows slower and more unstable recovery, highlighting the need for targeted strategies to improve visitor quality
and spending capacity. From a spatial perspective, regional disparities remain evident, with the Southeast region
maintaining its leading position, while emerging regions such as the Central Highlands exhibit significant growth
potential. From a policy perspective, these findings suggest the need to enhance high-value international tourism,
strengthen support for the non-state sector as a key growth engine, and promote balanced regional development to
avoid over-concentration. Overall, Vietnam’s tourism industry is not only recovering but also undergoing
structural transformation, and the application of a multi-model framework provides valuable insights for both
short-term forecasting and long-term strategic planning.

CONCLUSION

In this study develops a structured multi-model time series framework to forecast Vietnam’s tourism revenue
in the post-COVID-19 recovery period. By integrating 12 variables and multiple forecasting techniques, the
proposed approach improves analytical depth and forecasting reliability compared to conventional single-model
studies. The empirical results show that decomposition and Holt—Winters methods consistently achieve the highest
forecasting accuracy, with MAPE values generally lower than other models across most datasets, while moving
average models perform better only in specific cases with smoother data patterns.

From a quantitative perspective, Vietnam’s tourism sector demonstrates a strong recovery trajectory, with total
tourism revenue projected to approach 300 trillion VND by 2030. Domestic tourism demand is expected to remain
the dominant contributor in terms of volume, while the non-state sector emerges as the primary driver of revenue
growth. In contrast, international tourism shows a slower and less stable recovery, indicating structural imbalances
in the post-COVID tourism system.
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Compared with previous studies that focus on single-model forecasting or limited indicators, this research
provides a more comprehensive and data-driven framework that captures both structural changes and multi-
dimensional dynamics of tourism development. The findings highlight the importance of adopting multi-model
approaches to improve forecasting robustness in volatile environments.

From a practical perspective, the results suggest that policymakers should prioritize strategies to enhance the
quality and spending capacity of international tourists, strengthen support for the non-state sector, and promote
more balanced regional development. From a theoretical perspective, this study contributes to the literature by
demonstrating the effectiveness of integrating multiple time series models and multi-source data in capturing
complex recovery patterns.

However, several limitations remain. The current framework relies primarily on historical time series data and
does not incorporate external factors such as macroeconomic conditions, policy interventions, or global shocks.
Future research should extend this approach by integrating econometric and machine learning models with
exogenous variables such as GDP, exchange rates, and visa policies. This would enable more adaptive, scenario-
based forecasting and improve the robustness of predictions, particularly for sensitive segments such as
international tourism demand.
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