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AbstractIn regional economic planning, the accurate prediction of domestic tourism demand presents a critical challenge because limitedaccess to historical time series data often causes advanced forecasting models to perform poorly. This study aims to demonstratehow linear interpolation can effectively serve as a data augmentation technique to overcome data scarcity when developing LongShort Term Memory (LSTM) networks to forecast domestic tourism arrivals. The methodology involves evaluating four distinctforecasting models using 80months of Indonesian domestic tourism visitation data spanning from January 2019 to August 2025.These models include a statistical benchmark SARIMA (2,0,1)(0,1,1)[3] model selected via grid search out of 216 combinations andthree LSTM variants run with identical random seeds. Performance evaluation is rigorously completed using MAE, RMSE, MAPE,sMAPE, and Theil’s U statistics. Key findings reveal that while unaugmented LSTMmodels perform poorly relative to a simple averagebaseline (Theil’s U = 1.38, MAPE = 24.6%), LSTMs enhanced with triple linear interpolation achieve superior predictive accuracy (MAPE= 2.6%, sMAPE = 2.6%, Theil’s U = 0.14). This approach significantly outperforms the benchmark SARIMA model (MAPE = 8.0%,Theil’s U = 0.63), which otherwise demonstrated adequate statistical validity through satisfactory residual diagnostics, including LjungBox and Shapiro Wilk tests. In conclusion, the study demonstrates that utilizing linear interpolation as an augmentation technique ishighly appropriate and effective, enabling deep learning models like LSTMs to accurately capture underlying temporal patterns fromlimited tourist arrival.
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1. INTRODUCTION

Tourism is a sector that plays a vital role in a region’s eco-
nomic growth (Vu and Hartley, 2022) . Tourist visits have
been demonstrated to drive the local economy through vari-
ous expenditures, ranging from accommodation and food to
transport (Boto-García and Baños Pino, 2024; Ramadan et al.,
2025a) . Furthermore, it has been evidenced that tourism cre-
ates a multiplier effect on related sectors such as agriculture,
the creative industries, and retail. The development of this
sector also creates employment opportunities for the local com-
munity and contributes to local government revenue through
various taxes and fees (Alamineh et al., 2023) . In Indonesia,
the volume of domestic tourist visitation is indicative of the
domestic economy’s current state. Consequently, the ability

to accurately forecast these volumes has become a strategic
necessity for local governments and tourism industry stake-
holders (Li and Gao, 2022; Olukoya, 2023) . The formulation
of effective marketing strategies, infrastructure planning, and
human resource allocation is contingent upon the availability
of reliable forecasting data, a prerequisite for minimising the
risks of both over tourism and under tourism (Adekunle et al.,
2021) .

To produce reliable predictions of tourist destinations, sev-
eral well formed predictive methods need to be applied and
quality and quantity data sources must be considered (Wu
et al., 2025) . In addition to having previous tourist records,
those same tourist record have contextual variables that will
assist in providing accuracy to current forecasts, i.e., seasonal
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calendars, economic indicators, and external factors such as
health pandemics and governmental regulations (Hajisafi et al.,
2023; Ordóñez-Martínez et al., 2023) . Advanced statistical or
machine learning models will be much better suited to iden-
tifying these dimensions if they have enough complete and
well formed data (Suprihadi et al., 2025; Choudhury et al.,
2021; Ramadan et al., 2025b) . Unfortunately, in practice, the
availability of national tourism data (e.g., monthly) will often
be very limited and will usually be subjected to changes that
further limit the predictive models that can be utilized.

The patterns of tourist visitation data display seasonal ele-
ments, including the impact of holidays, cultural and seasonal
events, and changes to climate, which has resulted in a pre-
dictable set of seasonal visitation records (Torres et al., 2021;
Lim and Zohren, 2021) . Two modelling methods are well
suited to analysing these types of data: Seasonal Autoregressive
Integrated Moving Average (SARIMA) adds seasonal compo-
nents (P, D & Q) to the ARIMA methodology, allowing for
an understandable and reliable way of identifying trend and
periodicity in relatively short time series (Perez-Guerra et al.,
2023) . Long Short Term Memory (LSTM), uses a recurrent
neural network architecture with gating mechanisms that de-
termine what temporal information to keep and what to forget.
This means that LSTM can learn intricate non linear relation-
ships and longer term relationships that are not easily modelled
using standard linear statistical techniques (Ahmed et al., 2023;
Rantini et al., 2026) . LSTMs have been shown to be more
accurate in their predictive capabilities than SARIMA when
there is sufficient training data available and for seasonal data
that is highly irregular or complex (Saputra et al., 2025) .

In the wider forecasting literature, many alternative archi-
tectures have been explored, such as Prophet and Gated Recur-
rent Units (GRU). Prophet is an additive model (decomposable)
and explicitly defines components in order to capture seasonal-
ity and holidays therefore being appropriate to use by practi-
tioners, however, this makes it less flexible when the underlying
temporal dynamics differ from the underlying structural as-
sumptions (Taylor and Letham, 2018) . GRU is a simplified
version of LSTM as it does not utilize a separate cell state, but
retains much of the sequential learning capability of LSTM
with a less computationally burdensome design (Cho et al.,
2014) . Comparisons in tourism forecasting environments con-
sistently show that standard LSTM has achieved equal or better
predictive accuracy than GRU for moderate length (seasonal)
time series, and that SARIMA remains a viable benchmark
due to its interpretability and strong historical performance
on short structured time series (He et al., 2021; Ahmed et al.,
2023) . In this research, SARIMA and LSTM form the primary
modelling framework, and the main analytical focus is on data
augmentation, rather than an exhaustive model comparison.

Both SARIMA and LSTM models have distinct advantages
to offer but both can only perform well if there is enough data
available for the model. SARIMA will produce reasonable
estimates when used with relatively few data points; however,
it is able to provide a much better fit for data that have long

term (historical) seasonal patterns (Ampountolas, 2021; Okere
and Balyan, 2025) . On the other hand, LSTM requires a
sufficiently large amount of training data in order to properly
optimise its parameters, avoid problems with overfitting, and
learn non linear patterns in time series data that represent
the greatest benefit of using LSTM as a forecasting technique
as compared to traditional statistical forecasting methods (He
et al., 2021; Deif et al., 2025) . Therefore, when considering
national tourism data, this is especially important because these
statistics often have very limited historical records with many
observed "discontinuities" and comparatively shorter historical
records due to events such as the COVID-19 pandemic.

The use of linear interpolation as a solution for data sparse
conditions in time series models has been documented and is
based on the premise that smooth transitions exist over a period
of time in which two known data values occur (Rantini et al.,
2021) . Interpolation provides SARIMA and LSTM algorithms
a continuous input when creating more frequent observations
of the training dataset and, as a result, conforms the temporality
or chronological order by increasing the density or frequency
of the training dataset. In addition, since interpolated values
represent estimates of what would have been a ‘true’ measure-
ment of a time period not represented by a known observation,
the use of interpolated values to improve predictive accuracy
should be empirically validated prior to being implemented
to avoid generating false patterns due to the interpolation (Ali
et al., 2025; Ismail and Al-Gounmeein, 2022) . In this study,
we addressed those issues by comparing the accuracy of pre-
dicting the arrival of domestic tourists to Indonesia using both
SARIMA and LSTM algorithms with and without interpola-
tion at a frequency of either 1 or 3 interpolations.

2. EXPERIMENTAL SECTION

2.1 Research Methodology
This research presents a comparative forecast framework to
predict the number of domestic tourists in Indonesia using
traditional statistical modelling such as SARIMA and deep
learning techniques such as LSTM. The research variable used
is the number of monthly domestic tourist visits in Indonesia
from January 2019 to August 2025 which is obtained directly
from the official website of the Indonesian Central Statistics
Agency about Tourism. The total observations are 80. One
major challenge that emerged during the exploratory stage was
the absence of observations. It is a constraint that causes con-
siderable difficulties for deep learning models, which typically
require large datasets to reliably identify temporal patterns.

The modelling process commences with data partitioning,
whereby the dataset is divided into training and testing subsets.
The final six months of observations are reserved as a test set
to evaluate model performance, while the remaining historical
data is used as a training set for parameter estimation. The
stages of analysis in this study are delineated in the flowchart
shown in Figure 1.
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Figure 1. Research Flowchart

2.2 SARIMAModelling Approach
The SARIMA (Seasonal Autoregressive Integrated Moving Av-
erage) model served as a statistical baseline to forecast monthly
domestic tourist arrivals. The stationarity of the time series
was tested using the Augmented Dickey Fuller (ADF) test prior
to creating the model. There is an obvious seasonal structure
in the data seen in the preliminary graphic analysis (i.e., line
graphs). In light of this, both regular and seasonal differencing
were included in the specifications of the model. After compar-
ing the two strategies for adding seasonal differencing to this
dataset, we decided to use seasonal differencing at lag 3 (D=1,
s=3) due to the fact that there are clear seasonality patterns
shown by both the autocorrelation function (ACF) and partial
autocorrelation (PACF) of this series.

After determining that the time series is stationary based
on the stationarity tests mentioned previously, we used the
ACF and PACF of the differenced format of the data to select
p, d, and q for our initial model specifications. We examined
the ACF in order to determine the MA order based on the lag
where autocorrelation coefficients had no statistically significant
lag, and determined the AR order from the PACF. The same
diagnostic approach was applied to seasonal lag intervals to
analyse the seasonal component (Ajobo et al., 2024) . Finally,
in order to conduct a systematic and objective model selection
process, we performed a grid search through the parameters

for p {0,1,2}, d {0,1}, q {0,1,2}, seasonal order P {0,1,2,3}, D=1,
Q {0,1,2} and s=3 yielding a total of 216 combinations of
parameters, and each of these 216 models was assessed using
either the AIC or BIC.

2.3 LSTMModelling Approach
As a complement to traditional statistical methods, this study
uses a Long Short Term Memory (LSTM) deep learning ar-
chitecture to identify non linear patterns and long term depen-
dencies in domestic tourist visitation data. Given the limited
number of observations, the study examines three different
LSTM model versions: one without interpolation, one with
single interpolation (assuming data is collected bi-monthly),
and one with triple interpolation (assuming data is collected
weekly). These interpolation methods are designed to address
the common issues caused by insufficient data, which is a chal-
lenge when using deep learning models on time series data with
few observations.

The LSTM modeling process begins with a data preprocess-
ing stage that includes normalization and transforming the data
structure. The domestic tourist data is normalized first to allow
quicker and more stable training. Next, the time series data is
changed into a format suitable for supervised learning using
the sliding window technique. This technique creates input
sequences and target outputs based on a set look back period.
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The look back period refers to the number of past time steps
used to predict the next time step. The division of training
and testing data follows the same rule as the SARIMA model,
with the last six months used as the test set. Adjusting the look
back period matches the seasonal value in the SARIMA model,
ensuring consistency between the two models compared.

The model consists of two stacked LSTM layers. A dropout
layer, placed after the first LSTM layer, helps reduce the risk of
overfitting by randomly deactivating neurons during training.
A dense layer with ReLU activation processes the features from
the LSTM layers, concluding with a single output neuron to
predict tourist values. The model is compiled using the Adam
optimizer and mean squared error (MSE) as the loss function.
The tuning process examines various combinations of hyperpa-
rameters within a set search space, such as the number of units
in the LSTM layer, the number of units in the dense layer, the
dropout rate, and the learning rate of the optimizer.

2.4 Interpolation for Data Augmentation
To surmount the limitations associated with the number of
observations that affect the training of deep learning models,
linear interpolation will be used as a method of augmenting
data through data generation. The process of interpolation
entails the generation of synthetic data points between each
original observation. The strategy is predicated on the assump-
tion that all data points exhibit a smooth transition from one
period to another. The employment of two distinct methods
in implementing this strategy may facilitate a comparison of
its effectiveness by simulating multiple data collection methods
for a single category monthly.

The implementation of a single interpolation method will
result in the generation of a single additional data point (to be
located between 2) for each pair of sequential original obser-
vations. The purpose of this function is to create a new index
of 2n-1 (number of overall original observations) for n origi-
nal observations. The subsequent step involves the estimation
of the value at each new index through linear interpolation
methodology. To illustrate this point, consider the following
example: The mid-point between the two original observations
of 1000 and 1200 would yield a mid-point estimate of 1100
tourists. The underlying principle of this technique is predi-
cated on the assumption that data will be collected at a 15-day
frequency (or alternatively, collected twice a month).

Using triple interpolation, the addition of three interpola-
tion points will produce an additional total of 4n-3 new data
points for every pair of surrounding observations and therefore
greatly increases the total amount of training data. This process
creates evenly distributed new indices and uses linear interpo-
lation to determine the values at all the new indices based on
the values of the original indices. The basis for this technique
assumes that data has been collected on a weekly basis, and so
will have a total of four data points in a 1-month period.

While using interpolation does increase the number of data
points available for training, only time points that correspond
to the original observations will be the basis for the final evalu-

ations. This is done through filtering of the predictive results,
whereby the predictive result from every second data point
is needed for single interpolation and the predictive results
derived from every fourth data point are used for triple inter-
polation. Therefore, the evaluation of the interpolated data
points to the actual data and other models will be a fair and
valid comparison.

2.5 Model Evaluation and Comparison
To assess model performance five metrics were used: MAE
(Mean Absolute Error), RMSE (Root Mean Square Error),
MAPE (Mean Absolute Percentage Error), sMAPE (Symmet-
ric Mean Absolute Percentage Error), and Theil’s U. The MAE
quantifies an average absolute error in the original unit of mea-
surement (also referred in the literature as forecast deviation).
The RMSE applies a greater penalty for large errors due to the
squared error principle used to compute the error and thus will
be more sensitive to outliers than the MAE. While MAPE val-
ues the percentage of the actual value that represents an error
in the measurement unit, it is asymmetric, and therefore unde-
fined when the actual value approaches zero, and the sMAPE is
provided as a more robust alternative for MAPE. The Theil’s U
statistic is included to provide context for model performance
in comparison to a naïve benchmark (the assumption would
be that no prior knowledge existed of future values). These
metric choices, taken collectively, will help ensure that a model
comparison will not depend solely on one metric, especially
given the high volatility associated with the test period.

All four model variants were evaluated equally on the same
test set consisting of the final six months of observations. This
comparative approach is justified by two reasons: first, to de-
termine which of the four models produces the most accurate
forecasts of the number of Indonesian domestic tourists, and
second, to quantitatively evaluate the effectiveness of inter-
polation based data augmentation as a viable solution to the
problem of scarcity of data when employing deep learning
techniques to forecast short time series data.

3. RESULTS AND DISCUSSIONS

3.1 Exploratory Data Analysis
An exploratory analysis was conducted to understand the char-
acteristics and temporal patterns of data on domestic tourist
visits in Indonesia. Figure 2 presents a visualisation of the
monthly time series of domestic tourist visits from January
2019 to August 2025.

As demonstrated in Figure 2, several noteworthy patterns
emerge when examining this data. In early 2019, the number
of tourist arrivals fluctuated between 45 and 80 million per
month. By mid-2020, there was a sharp decline to a low of
around 25 million tourists per month, reflecting the significant
impact of the pandemic on the domestic tourism sector. Since
June 2021, a recovery has been observed, with an upward trend
continuing through to 2025.

In the year 2024 to 2025, domestic tourist visits reached
their highest level during the observation period, ranging from
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Figure 2. Time Series Plot of Domestic Tourist Visits in
Indonesia (January 2019 - August 2025)

80 to 130 million visits per month and even exceeding pre-
pandemic figures. The data also displays a relatively consistent
pattern of fluctuation from year to year, indicating the presence
of a seasonal component in the data. This component must
be given due consideration during the subsequent modelling
process.

3.2 SARIMAModel Results
The initial stage in constructing a SARIMA model is to assess
the stationarity of the data, to ascertain whether differencing is
necessary. Stationarity is a fundamental assumption in ARIMA
modelling, whereby the data must have a constant mean and
variance over time (Schaffer et al., 2021) . This test is conducted
by using the Augmented Dickey Fuller (ADF) test. Table 1
presents the results of the stationarity test on the original data.

Table 1. Results of the ADF Stationarity Test on Original Data

Metric Value

ADF Statistic -1.6417
P-value 0.4614
Decision Not Stationer

As illustrated in Table 1, the outcomes of the ADF test
demonstrate a statistic of -1.6417, accompanied by a p-value of
0.4614. When 0.05 significance level is employed, the p-value
obtained is significantly greater than alpha. Consequently, the
null hypothesis cannot be rejected. This finding suggests that
the data concerning domestic tourist visits, in its original form,
is non-stationary and still contains a unit root. This condition
is consistent with the visual pattern in Figure 2, which shows an
upward trend, particularly during the post-pandemic recovery
period. It is imperative that a differencing process is applied to
transform the data into a stationary form. Only then can the
SARIMA model be identified and estimated.

In the context of SARIMA modelling, two distinct types of
differencing can be employed: regular differencing and seasonal
differencing (Montgomery et al., 2015) . In view of the limited

number of observations in this study (80 monthly observations),
the choice of differencing strategy must be made with great
care, as each differencing process reduces the amount of data
available for modelling. Consequently, the exploration was
constrained to combinations of differencing that minimise data
reduction, namely quarterly seasonal differencing with a lag of
3 (D=1, s=3) and half-yearly seasonal differencing with a lag
of 6 (D=1, s=6). Table 2 presents a comparison is presented of
the stationarity test results for these two differencing strategies.

Table 2. ADF Stationarity Test Results with Differencing

Metric D=1, s=3 D=1, s=6

ADF Stats -3.1500 -3.1700
P-value 0.0230 0.0210
Decision Stationer Stationer

The selection of the optimal differencing strategy is not
only based on the achievement of stationarity via the ADF test,
but also takes into account the clarity of patterns in the ACF and
PACF plots, particularly in the seasonal component. It should
be noted that SARIMA models integrate seasonal AR and MA
components; therefore, the differenced data must exhibit clear
and identifiable seasonal patterns at the seasonal lags. Figure 3
displays the ACF and PACF plots for both differencing results.

The seasonal differencing strategy with a lag of 6 (D=1, s=6)
reveals an issue in the PACF plot in the form of a large spike at
lag 7, which creates ambiguity in identifying the seasonal AR
order (P) and complicates the specification of an appropriate
model. Conversely, seasonal differencing with a lag of 3 (D=1,
s=3) produces the clearest and most consistent seasonal pattern.
The ACF plot shows a significant spike at lag 3, whilst the PACF
plot reveals spikes at lags 3, 6, and 9, which are consistent
multiples of the quarterly period. This pattern indicates the
presence of a strong and regular seasonal AR structure, making
it highly suitable for SARIMA modelling.

Based on the analysis, the most appropriate approach for
the SARIMA model formation would be to utilise seasonal
differencing with a lag of 3 (D=1, s=3). This method was
selected on the basis that it produced the most clear, consistent,
and easily interpretable seasonal pattern. Subsequent to the
establishment of the differencing strategy, the selection of the
SARIMA model order was conducted systematically via a grid
search, utilising the AIC and BIC information criteria. The
grid search was run over the range of non-seasonal orders p ∈
0,1,2, d ∈ 0,1, q ∈ 0,1,2 and seasonal orders P ∈ 0,1,2,3, D = 1,
Q ∈ 0,1,2 with a period of 3, resulting a total of 216 candidate
models being evaluated. Table 3 presents the ten best models
from this grid search process.

Of all the models that were subjected to testing, SARIMA-
(2,0,1)(0,1,1)[3] was determined to be the optimal model, as it
exhibited the lowest AIC value of 2520.1200 and third lowest
BIC of 2531.4300. The model does not require a seasonal
AR component, indicating that the seasonal structure of the
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Figure 3. Comparison of ACF and PACF Plots for 2 Differencing Strategies

Table 3. Best 10 SARIMA Model Candidates Based on
AIC/BIC Values

Model AIC Values BIC Values

SARIMA(2,0,1)(0,1,1)[3] 2520.1200 2531.4300
SARIMA(2,0,1)(0,1,2)[3] 2521.7100 2535.2900
SARIMA(2,0,1)(1,1,1)[3] 2521.9000 2535.4700
SARIMA(1,0,2)(0,1,1)[3] 2521.9900 2533.3100
SARIMA(1,0,2)(0,1,0)[3] 2522.0900 2531.1400
SARIMA(0,0,2)(0,1,1)[3] 2522.1600 2531.2100
SARIMA(0,0,2)(0,1,2)[3] 2522.2700 2533.5800
SARIMA(2,0,1)(2,1,1)[3] 2522.3200 2538.1600
SARIMA(1,0,2)(0,1,2)[3] 2522.3600 2535.9300
SARIMA(2,0,2)(0,1,0)[3] 2522.5300 2533.8400

data is sufficiently captured by a single seasonal MA component.
Despite the earlier ACF/PACF analysis suggesting the potential
for seasonal AR up to a lag of 9, the AIC/BIC-based approach
revealed that incorporating such a component did not result
in a proportional enhancement in fit relative to the model’s
complexity penalty. The estimated parameters of the selected
model are presented in Table 4.

As demonstrated in Table 4, the parameter estimation pro-
cess results demonstrate that the AR(1) term is significant sta-
tistically, with a p-value of 0.0040, thereby indicating a strong

Table 4. Parameter Results of SARIMA(2,0,1)(0,1,1)[3]

Parameter Coefficient Std Err P-value

AR(1) 0.9272 0.3200 0.0040
AR(2) 0.0636 0.3080 0.8310
MA(1) -0.4671 0.2870 0.1040
MA-Seasonal(3) -0.9677 0.2720 0.0000

dependence on the value from one period earlier. The sea-
sonal MA component at lag 3 is also highly significant, with a
p-value of less than 0.0010, reflecting the strong influence of
the seasonal moving average component. However, the AR(2)
and MA(1) parameter was determined to be statistically in-
significant, yet it was retained on the basis that the AIC-based
selection process had taken into account the complexity penalty.
Moreover, this model was determined to provide the optimal
fit when compared to all other candidates that were evaluated.

In order to validate the suitability of the selected model, a
diagnostic analysis was conducted on the residuals from the
SARIMA(2,0,1)(0,1,1)[3]. The analysis encompassed a resid-
ual autocorrelation test utilising the Ljung-Box test at multiple
lags, in addition to normality tests employing the Jarque Bera
and Shapiro Wilk tests. It is important to note that the residuals
analysed begin from the fourth observation, given that the first
three observations constitute the model’s initialisation period
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due to the application of seasonal differencing with a lag of
3. Table 5 and Figure 4 present the complete results of the
diagnostic tests and their visualisations.

Table 5. Results of the Diagnostic Tests for the
SARIMA(2,0,1)(0,1,1)[3]

Test Statistic P-value Summary

Ljung Box
(Lag 3)

1.3594 0.7150
No Autocor-

relation
Ljung Box

(Lag 6)
3.9571 0.6820

No Autocor-
relation

Ljung Box
(Lag 9)

12.1434 0.4340
No Autocor-

relation

Jarque Bera 0.8771 0.6450
Normal

Residuals

Shapiro Wilk 0.9880 0.7380
Normal

Residuals

The outcomes of the Ljung-Box test demonstrate the non-
existence of significant autocorrelation in the residuals across
all lags examined, with p-values of 0.7150 at lag 3, 0.6830
at lag 6, and 0.4340 at lag 12, all of which exceed the signifi-
cance threshold of 0.05. This finding suggests that the model
residuals are white noise, thereby indicating that the model
has effectively captured all the patterns that can be modelled
from the data. With regard to the normality tests, both the
Jarque Bera (p-value = 0.6450) and Shapiro Wilk (p-value =
0.7380) tests failed to reject the null hypothesis, thus indicating
that the residuals are normally distributed. This hypothesis is
reinforced by a skewness value close to zero (0.2440) and low
kurtosis (0.3690).

In addition to validation via residual diagnostics, this study
also conducted a sensitivity analysis to test the model’s sta-
bility against variations in the forecast horizon. This anal-
ysis was carried out by evaluating the performance of the
SARIMA(2,0,1)(0,1,1)[3] model over four different forecast
horizons, namely 3, 6, 9, and 12 periods ahead, using a fixed
split approach where the training data was truncated according
to the length of the horizon being tested. The results of the
analysis are presented in Table 6.

Based on Table 6, the model demonstrates stable perfor-
mance over short forecast horizons. At 3 periods, the model
achieves a MAPE of 6.62% and an sMAPE of 6.33%, whilst
at 6 periods (the primary forecast horizon in this study) the
MAPE of 8.02% and sMAPE of 8.57% remain within an ac-
ceptable range. A decline in performance begins to be evident
when using 9 and 12 periods, with MAPE reaching 19.48%
and 20.28% respectively. This pattern is consistent with the
general characteristics of ARIMA models, where forecast accu-
racy tends to decline as the forecast horizon increases due to
the accumulation of estimation errors (Box et al., 2015) . Thus,
the selection of 6 periods as the forecast horizon in this study
can be said to fall within a stable and reliable performance zone

for the SARIMA model used.

3.3 LSTMModel Results
Subsequent to the development of the SARIMA model, this
study proceeded with the implementation of the LSTM ar-
chitecture in three variants: without interpolation, with single
interpolation, and with triple interpolation. A consistently set
random seed was utilised to ensure the reproducibility of the
results. The initial variant was constructed utilising the origi-
nal data without augmentation as an evaluation baseline. The
preprocessing stage entailed the normalisation of data using a
MinMaxScaler within the range of (0,1). This was followed by
the transformation of the data into a format suitable for super-
vised learning via a sliding window technique with a look-back
period of 3, which was selected to align with the seasonal period
in the SARIMA model. From the original 80 observations, the
process yielded 77 sequence samples. These samples were then
divided into 71 training samples and 6 test samples. The last
six months were allocated as the test set.

The optimisation of the LSTM model architecture was con-
ducted utilising the Random Search hyperparameter tuning
technique by using the Keras Tuner library, which explored
various combinations within a predefined search space. This
search space encompassed the number of units in the two
LSTM layers (32-128 units), the number of units in the dense
layer around 16-64 units, the dropout rate from 0.0-0.5, and
three learning rate optimiser (0.01, 0.001, 0.0001). The tuning
process is subject to a maximum of 10 trials, with the objective
function is to minimise validation loss. Early stopping is also
employed, with a patience of 20 epochs in order to prevent
overfitting.

The subsequent two LSTM variants were developed by im-
plementing a data augmentation strategy that employed linear
interpolation to address the limitation of the number of obser-
vations. In the variant with single interpolation, an additional
data point was inserted between each pair of consecutive obser-
vations by using the formula 2n-1. This process resulted from
the original of 80 observations to a total of 159 interpolated
data points, thereby effectively simulating bi-weekly data col-
lection. The temporal scope of the data set was expanded from
quarterly into termly to accommodate the augmented data fre-
quency, using 142 training samples and 11 test samples, which
is twice the number of samples by the model devoid of interpo-
lation. Conversely, the variant with triple interpolation inserts
three data points between each pair of original observations,
employing the formula 4n-3. This results in 317 data points
that simulate weekly data collection. The temporal window
during which data was collected was expanded from a quarterly
period into yearly period. This modification produced a total
of 284 training samples and 21 test samples, which is four
times the amount collected during the initial phase of the study.
This increase was implemented to ensure that the model is
endowed with substantially more temporal information during
the training process.

Despite the substantial disparities in the quantity of data
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Figure 4. Diagnostic Plots for the SARIMA(2,0,1)(0,1,1)[3]: (a) Residuals Over Time, (b) Residual Distribution, (c) Q-Q Plot,
(d) Residual ACF

Table 6. Results of the Sensitivity Analysis for the SARIMA(2,0,1)(0,1,1)[3]

Horizon (n) Train Size MAE RMSE MAPE sMAPE

3 77 6,493,336 7,593,801 0.0660 0.0630
6 74 9,042,744 13,778,090 0.0800 0.0850
9 71 20,441,545 22,929,657 0.1940 0.2190
12 68 20,683,773 24,234,881 0.2020 0.2320

and the duration of the look back period, the LSTM model ar-
chitecture and the hyperparameter tuning process for these two
interpolation variants are analogous to the baseline model de-
void of interpolation. All three models utilise the same config-
uration, comprising two stacked LSTM layers, a dropout layer,
a dense layer with ReLU activation, and a Random Search tun-
ing process with an identical search space. Table 7 provides a
comparison of the outputs generated after the hyperparameter
tuning process has been completed, highlighting the disparities
between the optimal model selected from the three LSTM
schemes.

As illustrated in Table 7, there are substantial discrepan-
cies in the optimal configuration and performance of the three
LSTM model variants. The interpolation strategy exerts a
direct influence on validation loss, whereby the model em-
ploying triple interpolation attains the lowest validation loss

(0.0004), followed by single interpolation (0.0024), and no
interpolation (0.0100). The findings demonstrate that as the
quantity of training data is augmented, there is a decrease in
validation loss. This suggests that the augmentation of data
through interpolation is an effective strategy for enhancing the
model’s capacity for learning on this type of data. However,
the duration of the training process exhibited a range from
2 minutes and 6 seconds to about 3 minutes and 50 seconds.
This result is partially normal because the triple interpolation
model necessitated the greatest training time duration due to
its processing of quadruple the amount of data.

3.4 Forecasting Performance Comparison
Subsequent to the development and optimisation of all models,
a performance evaluation of the predictions was conducted on
a test set comprising the final six months of the observation
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Table 7. Comparison of Hyperparameters from the Optimal
LSTM Model

Interpolation
Parameter No Single Triple

Training Samples 71 142 284
Look Back Period 3 6 12
LSTM Layer 1 Units 64 80 64
LSTM Layer 2 Units 32 96 32
Dense Layer Units 32 64 32
Dropout Rate 0.2000 0.0000 0.2000
Learning Rate 0.0100 0.0100 0.0100
Best Validation Loss 0.0100 0.0024 0.0004
Total Parameters 30,401 100,481 30,401
Training Time 2m 24s 2m 06s 3m 50s

period, namely March to August 2025. In view of the dispar-
ities in the volume of output data across the LSTM variants,
a filtration mechanism was implemented to guarantee a fair
and valid comparison. In the single interpolation LSTM, every
second data point was utilised for prediction, whereas in the
triple interpolation model, every fourth data point was selected.
This process ensures that all predictions are evaluated at the
same time points as the original observations, thus facilitating
an objective comparison between models. As illustrated in the
following table and figure, a comparison is presented of the
prediction results of the four models against actual data on
domestic tourist visits in Indonesia.

Figure 5. Comparison of Predictions vs Actual Data on
Domestic Tourist Visits for SARIMA and LSTM

Table 8 and Figure 5 show a comparison of the prediction
results from the four models against actual data for the period
from March to August 2025. A sharp spike is visible in April
2025, when the number of tourist visits reached 128.5 million,
far exceeding that of other months. This spike is not an isolated
event, as three external factors coincided during that period:
Eid al-Fitr 1446H fell on 31 March 2025 with an 11-day
national holiday period until 7 April, a government policy

reducing domestic airfares by 13 to 14 per cent from 24 March
to 7 April 2025, and official BPS data recording a 23.02 per
cent year-on-year increase in domestic tourist visits during that
month. It is these conditions that have created an anomaly not
previously recorded in the training data, presenting a unique
challenge for all models.

The SARIMA(2,0,1)(0,1,1)[3] model produces forecasts
that tend to be conservative, ranging from 87 to 98 million vis-
its, and predicts only 98.3 million for April 2025. The LSTM
model without interpolation performed the worst, with very
flat predictions in the range of 73-78 million, confirming that
71 training samples are insufficient for a deep learning model
to learn complex temporal patterns. Conversely, the LSTM
with single interpolation showed a significant improvement,
with an April forecast of 109.3 million, whilst the LSTM with
triple interpolation recorded the best performance, with an
April forecast reaching 122.7 million visits and consistent ac-
curacy across other months. To measure performance more
objectively, a quantitative evaluation was conducted using five
metrics: MAE, RMSE, MAPE, sMAPE, and Theil’s U, the
results of which are presented in Table 9.

As demonstrated in Table 9, it reinforces the findings of the
previous visual analysis and reveals quite striking differences
in the prediction accuracy of the four models. The LSTM
model with triple interpolation demonstrated the best perfor-
mance across all evaluation metrics, with an MAE of 2,791,815
tourists, an RMSE of 3,062,580 tourists, a MAPE of 2.6%, an
sMAPE of 2.6%, and a Theil’s U of 0.14. A Theil’s U value
well below 1.0 indicates that this model substantially outper-
forms the naive forecast, whilst the MAPE of 2.6% indicates a
very low average prediction error despite the test data covering
periods of high volatility, such as the April 2025 surge.

The LSTM with single interpolation ranks second with an
MAE of 6,322,780, an RMSE of 8,797,673, a MAPE of 5.6%,
an sMAPE of 5.9%, and a Theil’s U of 0.42. Although its error
values are approximately twice as large as those of the triple
interpolation model, this performance still far surpasses the
baseline model, and a Theil’s U value below 1.0 confirms that
this model is still capable of producing better predictions than
a naive forecast.

The SARIMA(2,0,1)(0,1,1)[3] exhibited moderate perfor-
mance, with an MAE of 9,042,675, an RMSE of 13,778,011,
a MAPE of 8.0%, an sMAPE of 8.6%, and a Theil’s U of 0.63.
Despite its reduced accuracy in comparison to the two LSTM
variants with interpolation, this conventional statistical model
nevertheless exhibits superior performance to the LSTM with-
out interpolation, consistently generating more accurate pre-
dictions than the naive forecast. The LSTM model, devoid
of interpolation, exhibited the poorest performance among
the four models, with an MAE of 26,302,000, an RMSE of
29,529,421, a MAPE of 24.6%, an sMAPE of 28.7%, and a
Theil’s U of 1.38. A Theil’s U value exceeding 1.0 is a sig-
nificant finding, as it indicates that the model performs even
worse than simply using the previous period’s value as a fore-
cast. This finding serves to substantiate the assertion that the
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Table 8. Comparison of Predicted Domestic Tourist Visits on the Test Data

Month Actual Data SARIMA LSTM with No Int
LSTM with Single

Int
LSTM with Triple

Int

March 2025 88,909,481 97,453,238 75,459,320 88,766,376 88,501,296
April 2025 128,587,806 97,087,229 73,917,864 109,388,408 119,519,472
May 2025 97,673,863 93,321,589 75,257,976 92,094,248 98,569,512
June 2025 105,115,881 98,106,766 77,499,208 99,548,526 102,396,096
July 2025 100,197,984 97,878,439 78,063,328 94,756,936 97,972,712
August 2025 93,566,867 94,098,062 76,042,200 91,560,752 92,611,632

Table 9. Comparison of Model Evaluation Metrics

Model MAE RMSE MAPE sMAPE Theil’s U

SARIMA(2,0,1)(0,1,1)[3] 9,042,675 13,778,011 0.0800 0.0860 0.6338
LSTM No Interpolation 26,302,000 29,529,421 0.2460 0.2870 1.3797

LSTM Single Interpolation 6,322,780 8,797,673 0.0560 0.0590 0.4183
LSTM Triple Interpolation 2,791,815 3,062,580 0.0260 0.0260 0.1439

71 training samples in question represent a critical constraint
for deep learning models in the context of learning complex
temporal dependencies. Moreover, it is demonstrated that in
the absence of data augmentation strategies, LSTM is unable
to achieve optimal performance on limited datasets.

In addition to the accuracy evaluation, a comparison of
computational efficiency was also carried out to provide a more
comprehensive picture of the trade-off between performance
and computational cost for each model. As illustrated in Table
10, a comparison of execution times is presented.

As demonstrated in Table 10, the SARIMA model is signif-
icantly more computationally efficient, requiring a mere 0.20
seconds to train in comparison to the 122 to 217 seconds
required by the three LSTM models. This discrepancy is in-
dicative of the fundamental divergence between analytically
estimated statistical models and neural networks that have been
optimised via backpropagation. The LSTM model with triple
interpolation requires the most time (217.89 seconds) as it
processes four times as much data. However, the resulting
enhancement in accuracy, from an 8.0% MAPE in SARIMA
to 2.6%, renders this trade-off worthwhile in contexts where
predictive accuracy is prioritised.

The results of this study indicate that data augmentation
using linear interpolation improves the performance of LSTM
models for time series forecasting with few observations. The
substantial improvement in performance of the triple inter-
polation model can be attributed to two main mechanisms.
First, the increase in the length of the time series used for train-
ing data, due to the addition of interpolated data points, gives
deep learning models such as LSTM more context to learn
long term dependencies. Second, from the perspective of data
structure analysis, the interpolation method itself further en-
hances the persistence of autocorrelation, which is reflected in

the augmented data having a larger ACF pattern, thus enrich-
ing the temporal signals that the LSTM can learn through the
gate mechanism. Despite the alterations in data variance post-
interpolation, the Levene test reveals no statistically significant
disparities (p = 0.925), thereby suggesting that the fundamental
distribution of the data remains intact.

The fact that the LSTM model without interpolation failed
(Theil’s U value of 1.38) proved that the 71 training samples
were not enough for the LSTM architecture to converge to a
meaningful pattern. It can be shown that if Theil’s U is greater
than 1.0, the model performs worse than a simple naive fore-
cast. This is a common problem when training deep learning
models with too little data where the model ends up learning
the noise instead of the signal. This result lends support to the
argument that data augmentation strategies are not optional,
but a necessity, when the amount of available time-series data
is extremely small.

The LSTM model with triple interpolation outperforms
the SARIMA with a MAPE of 2.6% compared to 8.0%, repre-
senting a threefold improvement in accuracy. However, this
improvement comes at a significantly higher computational
cost of 206 seconds compared to 0.20 seconds for SARIMA,
which is roughly 1215 times longer. The best model depends
on the purpose of the model. SARIMA is more suitable when
the model is needed for fast prediction or when there is a lack
of computational power. On the contrary, the LSTM with
triple interpolation is better for applications where the main
target is to achieve the best prediction accuracy.

This study has some limitations that need to be considered.
The evaluation was performed using only six original data
points as the test set, which is due to the scarcity of data. This
figure is in line with the forecast horizon considered and it is
supported by the results of the sensitivity analysis, which show
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Table 10. Comparison of Model Evaluation Metrics

Model Training Time Parameters Train Size

SARIMA(2,0,1)(0,1,1)[3] 0.20s 5 74 obs
LSTM No Interpolation 122.22s 1,000+ 71 obs

LSTM Single Interpolation 123.25s 1,000+ 142 obs
LSTM Triple Interpolation 217.89s 1,000+ 284 obs

the model stability in the short run. Future studies should
consider increasing the size of the test set to improve the overall
reliability of the evaluation.

Furthermore, the developed model does not incorporate
exogenous variables that have been shown to play a signif-
icant role in tourist visitation patterns. These variables are
the national holiday calendar, the price of transport tickets
and macroeconomic conditions. The exclusion of these vari-
ables has a significant impact on the accuracy of all models
in predicting the surge in April 2025, although the LSTM
with triple interpolation managed to approximate the actual
value. The augmentation strategy also employed linear interpo-
lation, which assumes gradual change between two observation
points, and may not always hold for data with sudden changes
or strong non-linear patterns. Finally, the models were devel-
oped and evaluated using Indonesian domestic tourist visitation
data only; therefore, generalising the findings to other countries
or tourism sectors requires further validation. Further research
could explore more complex augmentation methods, the in-
clusion of exogenous variables, and application to datasets with
more diverse characteristics.

4. CONCLUSIONS

This research offers multiple contributions to the area of study.
The first contribution is that it provides empirical evidence
concerning how well interpolation strategies work in improving
the performance of LSTM’s for tourism forecasting when there
are limited amounts of available data. The second contribution
is that it creates a comprehensive framework for comparing tra-
ditional statistical methods to deep learning models, along with
diagnostic evaluation of SARIMA model residuals using the
Ljung Box test and residual normality. The third contribution
is that the introduction of the sMAPE and Theil’s U metrics
to the framework provides a broader evaluation perspective
on performance relative to other models. The Theil’s U value
greater than 1.0 for the LSTM model without interpolation
indicates data augmentation is required when working with
limited datasets, rather than just being optional. The fourth
contribution is that all results from this study can be replicated
and built upon by follow up researchers with the use of the
same random seed.
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