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This study addresses the critical challenge of advancing tax revenue
forecasting models to effectively handle distinctive data gaps and inherent
fluctuations in tax revenue data. These challenges are evident in Lampung
Province, Indonesia, where limited temporal granularity and non-linear
variability hinder accurate fiscal planning. Despite advancements in
statistical, machine learning, and hybrid approaches, existing models often
fall short in simultaneously managing these challenges. A hybrid model
integrating random forest regressors for data interpolation and long short-
term memory (LSTM) for capturing complex temporal patterns was
proposed. The model was evaluated, achieving an R2 of 0.86, root mean
squared error (RMSE) of 9.65 billion, and mean absolute percentage error
(MAPE) of 3.49%. Although the model has limitations in generalizing to
unseen data, the results demonstrate that it outperforms existing forecasting
models regarding accuracy and reliability. Integrating random forest

regressors and long short-term memory delivers a tailored solution to the
complexities of tax revenue forecasting, contributing to fiscal forecasting
and setting a foundation for further exploration into hybrid approaches.
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1. INTRODUCTION

Tax revenue is an important component of public finance, supporting infrastructure development,
public services, and economic growth. In Lampung Province, Indonesia, tax revenue represents a significant
component of the regional budget, providing various development initiatives. However, fluctuations in
financial conditions, high poverty levels, limited fiscal capacity, and reforms in local taxation systems often
lead to discrepancies between projected and actual tax revenues [1], [2]. A preliminary analysis of tax
revenue data in Lampung Province from 1995 to 2023 reveals a trend-driven growth pattern, with an average
annual growth rate of 21.87% and a variance of 1.17%. Despite this growth, a high standard deviation of
91.28% of the mean indicates substantial variability, compounded by seasonal impacts contributing 24.34%
to the overall variation. These findings highlight the complexity of long-term growth trends, seasonal
fluctuations, and non-linear variability in tax revenue data. The challenge of forecasting is further
compounded by the data gaps, including limited temporal granularity, which refers to the availability of only
28 years of annual intervals. These challenges underscore the need for advanced forecasting models to
address data gaps and manage inherent fluctuations in tax revenue data.

Numerous studies have developed tax revenue forecasting models across various regions and explored
different model extensions. For instance, Streimikiene et al. [3] utilized an autoregressive integrated moving
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average (ARIMA) model to forecast total tax revenue, identifying significant variables affecting tax revenue in
Pakistan. Buxton et al. [4] demonstrated that multi-layer perceptron (MLP) outperformed the long short-term
memory (LSTM) in predicting tax for the state of Illinois. Lahiri and Yang [5] adopted a mixed-frequency
vector autoregression (MF-VAR) model to improve New York State tax revenue forecasts, especially in
response to the volatility introduced by the coronavirus disease (COVID-19) pandemic. In Wenzhou City, Xie
[6] used multiple linear regression (MLR) and MLP models to forecast tax revenue, while also analyzing
taxation factors. Segun [7] examined and compared MLR, seasonal autoregressive integrated moving average
(SARIMA), and LSTM, utilizing multiple independent variables to forecast tax revenue in Nigeria. In the same
region, Tasi’u et al. [8] demonstrated that SARIMA outperformed the Holt-Winters model, also known as triple
exponential smoothing (TES). In Lampung Province, Kurniasari and Ramadhani [9] encountered challenges in
accurately forecasting a specific tax revenue due to complex, non-linear data patterns. This led them to propose
an artificial neural network (ANN) model that achieved high accuracy. However, in a similar case, Infusi et al.
[10] found that MLR was more accurate than the ANN model. While these studies applied forecasting models
to address regional tax revenue challenges, they predominantly relied on prevailing methodologies and lacked
the sophistication to enhance accuracy across diverse temporal scales, leaving forecasting reliability
unaddressed.

Subsequent advances in tax revenue forecasting have focused on improving the accuracy and
robustness of forecasting models through advanced methodologies, including hybrid approaches. llic et al.
[11] proposed the explainable boosted linear regression (EBLR) algorithm that leverages daily data
granularity to improve model performance by sequentially incorporating variables, achieving a normalized
root mean squared error (RMSE) of 0.1528. Thayyib et al. [12] employed the theta trigonometric seasonality
Box-Cox transformation ARIMA errors trend seasonal components (TBATS) model for forecasting goods
and services tax revenue in India. It was shown to be more accurate than neural network models, with an
RMSE of 0.141. Fathoni and Saputra [13] employed the ARIMA Box-Jenkins model to forecast value-added
tax (VAT) revenue in Indonesia. They demonstrated that the resulting forecast closely aligned with actual
VAT revenue, exhibiting an RMSE of 2.765. Extensive studies on hybrid models demonstrated potential in
integrating feature selection and temporal modeling. Ticona et al. [14] presented a hybrid model combining
genetic algorithms and neural networks to forecast tax revenue in Brazil, achieving more accurate results
with a mean absolute percentage error (MAPE) of 2.37% and a significant reduction in relative error. Smyl
[15] introduced a dynamic computational neural network system that integrates exponential smoothing with
LSTM, addressing issues related to temporal resolution, and forecasting monthly, annual, and quarterly data.
However, this system was less effective for daily and weekly data. Ferdoush et al. [16] proposed a hybrid
model that combines random forest for feature selection with bidirectional long short-term memory
(BIiLSTM) for forecasting. This approach yielded an RMSE of 0.4090, demonstrating superior performance
compared to traditional LSTM models. Hossain and Ismail [17] proposed a hybrid model combining
exponential autoregressive with Markov-switching generalized autoregressive conditional heteroskedasticity
(MSGARCH) to address the issues of volatility and nonlinearity in financial time series. Their findings
indicated that this model outperformed ARIMA and MSGARCH models, particularly in capturing downside
risk. Larroussi et al. [18] introduced a hybrid deep learning model that integrates autoencoders with stacked
LSTM to enhance the accuracy of tourism demand forecasting. This approach resulted in an R-squared (R2)
of 96.52 and RMSE of 0.000992, demonstrating the robustness of this model. Despite these advancements,
existing studies have primarily focused on improving either modeling temporal patterns [12]-[14], [16]-[18]
or data granularity individually [11], [15], leaving a critical gap in unified approaches that simultaneously
address irregularities in data and temporal inconsistencies in tax revenue forecasting. This gap underscores
the need for a hybrid approach capable of resolving both challenges simultaneously.

The objective of this study is to propose a forecasting approach that simultaneously addresses both
data gaps and fluctuations in tax revenue data, which existing studies have yet to address comprehensively.
The proposed hybrid model combines the strengths of random forest regressor (RFR) for data interpolation
and long short-term memory (LSTM) for forecasting tax revenue, offering a solution to these challenges.
RFR is an effective model for addressing complex data interpolation challenges in various fields. For
example, Achite et al. [19] successfully predicted annual rainfall in northern Algeria, achieving a high R? of
0.9524. Sahoo et al. [20] demonstrated that RFR outperformed traditional models such as Kriging and
inverse distance weighting in estimating crop yields with finer spatial resolution. Song et al. [21] also showed
that RFR significantly enhanced the resolution of nutrient distribution maps through effective data
interpolation. Therefore, RFR is proposed to improve the granularity of interpolated values from annual to
monthly data. In contrast, LSTM has been recognized as a prominent approach in time series forecasting for
its ability to model long-term dependencies, as demonstrated in studies such as [4], [7], and [15]. The
reviewed studies indicate that LSTM is adept at capturing intricate historical data and challenging temporal
dynamics [22], making it well-suited for applications in tax revenue forecasting.
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This study introduces a hybrid forecasting model that integrates RFR for effective data interpolation
and LSTM for capturing complex temporal patterns, addressing both data gaps and fluctuations in tax
revenue. By combining these methods, the model enhances the accuracy and reliability of tax revenue
predictions, specifically for Lampung Province. This integrated approach overcomes the limitations of
previous models, which typically do not comprehensively address the forecasting challenge, and offers a
framework applicable to similar fiscal forecasting challenges globally.

2. METHOD

This section describes the methodology used in the study. It outlines the research approach and
explains the proposed method. The model integrates RFR for interpolation and LSTM for time series
forecasting.

2.1. Research design

Figure 1 illustrates the research design employed in this study, outlining the steps involved in
facilitating the proposed RFR-LSTM hybrid model for tax revenue forecasting. The process begins with data
collection from the Lampung Province Central Statistics Agency [23], covering tax revenue data from 1995
to 2023. The dataset was sourced from government reports and then converted into CSV format, resulting in
28 rows, with columns representing the year and corresponding tax revenue values.

Preliminary Analysis Data Preprocessing

Model Development

Performance
Exploratory Data Sealing Dat Evaluation
Analysis caling Daa Expanding Window CV
Model
Measurement: R2

Trend Analysis Differencing Data

Data Interpolation
using RF Regressor

Hyperparameter Tuning

Model Training using
LSTM

Data
Collection

Error Measurement:
RMSE, MAPE

Interpretation

Seasonality Analysis

Forecasting

Stationary Analysis Spliting Data

Figure 1. Research design

Preliminary analysis is conducted to explore the characteristics of the data. This includes
exploratory data analysis to identify anomalies, trend analysis to uncover long-term patterns, seasonality
analysis to detect recurring fluctuations, and stationarity analysis to verify consistent statistical properties
over time. Next, data preprocessing is carried out to enhance data quality. Scaling is performed using a robust
scaler, which is chosen for its reliability in handling outliers using the median and interquartile range instead
of the mean and standard deviation. Differencing addresses non-stationary trends using first-order
differencing, with stationarity assessed through the augmented Dickey-Fuller (ADF) test. Then, RFR is
applied to interpolate annual data into monthly values, enabling finer temporal resolution [19]-[21]. The
dataset is then split into 1995 to 2017 for training (approximately 80%) and 2018 to 2023 for testing
(approximately 20%), ensuring that the test set represents unseen data.

Furthermore, the LSTM model is trained on the preprocessed monthly training data. Expanding
window cross-validation with five folds is applied to the training data using TimeSeriesSplit. By gradually
increasing the size of the training set while keeping a separate validation set, this technique enables the model
to capture temporal patterns and adapt to sequential data effectively. Moreover, it maintains the temporal
integrity of the dataset and minimizes data leakage, ensuring the validation data remains unseen during
training [24], [25]. In addition, hyperparameter tuning is performed using the Keras Tuner library [26] to
optimize the model configuration and computational efficiency. Furthermore, the model is evaluated on the
test data to assess its generalization ability.
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The methodology concludes with the evaluation of the proposed model. The performance of the
proposed hybrid model was compared to various benchmark methods, including non-hybrid approaches such
as ANN, MLR, LSTM, and ARIMA, as well as hybrid approaches like RFR-ARIMA and RFR-TES. These
models were selected based on their extensive use in practical time-series problems [3], [4], [6]-[8] and prior
studies related to forecasting Lampung tax revenue [9], [10]. All comparisons were performed using the same
dataset. Moreover, these performances are evaluated using MAPE, RMSE, and R2, which are selected for
their ability to measure relative accuracy, average error magnitude, and variance explanation, highlighting
their relevance to assessing both irregularities in data and temporal inconsistencies in tax revenue forecasting.
[27], [28].

2.2. Proposed method

A hybrid research model is proposed to improve the accuracy of tax revenue forecasting by
combining two advanced techniques, namely RFR and LSTM. The RFR focuses on transforming low-
frequency annual data into high-frequency monthly data, addressing data gaps. While, the LSTM leverages
its ability to capture complex temporal dependencies, providing a robust approach for predicting tax revenue
patterns with enhanced precision.

RFR effectively addresses data gaps through accurate interpolation, managing non-linear data
patterns, and improving stability by reducing overfitting through ensemble learning [19]-[21]. This model
combines the predictions of multiple decision trees, each trained on a random subset of the data and features
[29]. In the proposed model, the annual tax revenue data x; serves as input to each decision tree, as expressed
in formula (1):

Yo = f (x5 6) @)

where ¥, is the prediction from the k-th tree, and 8, represents the parameters of that tree. The final
prediction from the RFR is obtained by averaging the predictions of all trees in the forest, as shown in
formula (2):

1

§ =33, ()
where ¥, represents the prediction from each individual tree, n,..., represents the number of decision trees in
the ensemble, set to 100 based on initial experiments, and § represents the monthly interpolated value. These
RFR monthly interpolated values serve as input to the LSTM model.

LSTM is well-suited for time series forecasting due to its ability to model long-term dependencies
and complex temporal patterns [22]. As outlined by Goodfellow et al. [30], this process involves maintaining
information from previous time steps, enabling the model to recognize long-term patterns in the data through
a network of gates that regulate the flow of information. The following is an explanation of the gates in
LSTM:

it =O'(Wi -xt+Ui ‘h[—1 +b1) (3)
fe=o(Wy - xe + Up - hey + by) @)

The input gate, formula (3), determines how much new input should be added to the cell state.
While, the forget gate, formula (4), is responsible for deciding how much of the previous cell state should be
retained. Here, i, represents the input gate, f; is the forget gate, o is the sigmoid activation function, W and U
are the weight matrices associated with the current input x and the previous hidden state h,_,, and b is the
bias term. Next, the cell state is updated by combining the candidate cell state C, with the results from the
input and forget gates, as calculated in formulas (5) and (6):

Cy = tanh(W, - x; + U - he_y + bc) 5)

Ct:ft'Ct—1+it‘a (6)

Formula (5) calculates the candidate cell state C,, where tanh is the hyperbolic tangent activation
function. This candidate cell state represents the new content that could be added to the cell state. Formula

(6) then updates the cell state C; by combining the previous cell state C,_;, modulated by the forget gate f;,
with the candidate cell state C,, modulated by the input gate i,.
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Finally, the output gate determines the output of the LSTM cell, which also serves as the hidden
state for the next time step. This is described in formulas (7) and (8):

or =0o(W, - x¢ + U, - he_y + by) (7
h; = o, - tanh(C,) (8)

In formula (7), o, is the output gate, which controls how much of the cell state should be exposed to the
output. Formula (8) calculates the hidden state h,_,, a function of the current cell state C, and the output gate
0;. This process enables the LSTM model to process sequential data, uncover temporal relationships, and
generate forecasts for subsequent monthly tax revenue values as the final output.

This hybrid approach combines the interpolative capabilities of RFR with the temporal modelling
strengths of LSTM to address data gaps and fluctuations. By aligning forecasts with key economic patterns,
the method offers a structured framework for reliable tax revenue prediction. These insights provide
actionable guidance, ensuring the model is accessible and practical for fiscal policymakers.

3. RESULTS AND DISCUSSION
This section presents the research results along with a comprehensive discussion, organized into
sub-sections, including the proposed hybrid model findings and comparisons to other models.

3.1. Interpretation of model findings

The proposed hybrid model integrates RFR for interpolating annual tax revenue data into monthly
values, as illustrated in Figure 2. The model was trained using historical annual tax data and derived time-
based features within an expanding window framework. The interpolation was performed using specific
parameters, namely n_estimators set to 100, a random state of 24, a noise factor of 0.01, and an expanding
window size of 4 months. These parameters were selected based on iterative experimentation to optimize
accuracy and effectively handle variations in the data while maintaining consistency in capturing temporal
dynamics. To ensure accurate interpolation, the performance was evaluated through key metrics, including
R2, MAPE, and RMSE. An R2 of 0.9174 indicates that the model successfully captured 91.74% of the
variance in the data, while the RMSE of approximately 9.92 billion reflects a low average error between the
interpolated values and the actual data. The MAPE of 0.9% highlights the precision with which the model
produces accurate interpolation values. Moreover, the validity of the interpolation is confirmed by the
aggregated monthly interpolated data, which aligns closely with the original annual dataset, supporting its use
for reliable tax revenue forecasting.

1lell Interpolating Tax Revenue: From Annual to Monthly Data
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Figure 2. The interpolation data presented in a transformation from annual to monthly data

Subsequently, the monthly interpolated data was modeled using the LSTM model. The optimal
configuration comprises 288 units, a dropout rate of 0.4, 176 dense units, the Adam optimizer, and a learning
rate of 0.001. Expanding window cross-validation was applied during the training process, with the model
trained for 100 epochs. This combination of hyperparameters and cross-validation is particularly effective for
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time-series analysis. It ensures that the model is progressively trained on more data, enhancing its ability to
capture long-term trends and patterns.

Figure 3 demonstrates the prediction performance of the combined training and testing model. The
performance of the proposed hybrid model during training was evaluated using several metrics. The R2 of
0.897 indicates that approximately 89.7% of the variance in the data was captured, reflecting a strong model
fit. However, the relatively high MAPE of 6.29% on the training data suggests that while the model fits well
overall, it may still have noticeable prediction errors in specific cases. This is further confirmed by the RMSE
of approximately 3.52 billion, representing the average error in the predictions. Notably, the RMSE on the
test set increased to 9.66 billion, indicating that the model faces challenges in generalizing to unseen data.
The R2 for the unseen data dropped to 0.86, still showing a strong fit, but indicating that the performance on
new data is slightly less robust. Despite this, the MAPE on the test data improved to 3.49%, suggesting that
the model maintains reasonable predictive accuracy. Although the proposed hybrid model performs well on
the training data, its ability to generalize to unseen data remains limited. This limitation is likely due to
external economic disruptions from 2018 to 2019 that were not captured in the training data. These
disruptions caused significant fluctuations, highlighting a potential limitation of the interpolation model, as it
struggled to adapt to large-scale changes in the economic landscape and generated inconsistent values.

In addition, Figure 4 demonstrates that the proposed hybrid model is promising in forecasting tax
revenue for Lampung Province, with projections showing a 4.08% increase for 2024 and 3.77% for 2025.
While this study focuses on data from Lampung Province, the proposed hybrid model can be adapted to
regions with similar tax revenue characteristics, requiring modifications only for those with differing tax
structures. For instance, the RFR interpolation method needs to be adapted to account for varying tax data
formats and regional economic indicators, while the LSTM needs to be reconfigured to reflect local
economic cycles and seasonal trends. Differences in tax data quality and granularity across regions affect
model performance and necessitate further refinement in data preprocessing and feature selection.

1e11 Monthly Forecasting Performance: Actual vs Predicted (Training & Testing)
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Figure 3. Performance of the proposed model on both the training and testing data sets
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Figure 4. Forecasted tax revenue data for years 2024 and 2025
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3.2. Comparative models discussion

The performance of the proposed hybrid model was compared with various benchmark models
using insights from existing research and widely used forecasting methods. Benchmark models such as ANN
and MLR were selected based on their prior studies in forecasting Lampung tax revenue [9][10]. Additional
models, including LSTM and ARIMA, were chosen for their extensive use in practical time-series problems.
Hybrid approaches, including RFR-ARIMA and RFR-TES, were tested in this study to explore the potential
of combining regression and time-series methods. By comparing these models, this study aims to evaluate the
proposed hybrid models effectiveness in addressing data gaps and fluctuations, relative to established
approaches and newly explored combinations.

The selected models each offer distinct advantages based on their underlying methodologies. ANN
is widely recognized for its ability to capture complex nonlinear patterns in data [9]. MLR is a classical
statistical approach for identifying linear relationships between variables, making it a reliable baseline for
structured datasets [10]. LSTM is designed to analyze sequential data, allowing it to capture long-term
temporal patterns and dependencies critical for time-series forecasting [7], [22]. Hybrid approaches, such as
RFR-ARIMA and RFR-TES, combine RFR for data interpolation [19]-[21] with ARIMA for modeling linear
temporal structures [13], [17] and TES for addressing seasonal variations through exponential smoothing [8].
The comparative methodology ensures that all models are trained and tested using the same tax revenue
dataset from Lampung Province. The dataset was preprocessed using robust scaling and differencing data to
enhance data quality and stability. To avoid data leakage, the dataset was divided into 80% for training (1995
to 2017) and 20% for testing (2018 to 2023), maintaining the order of data over time. The training set was
further evaluated using Expanding Window Cross-Validation, progressively increasing the size of the
training set while reserving a portion for validation. All models were assessed using key metrics, including
MAPE, RMSE, and R2. This consistent framework ensures consistency and comparability, allowing reliable
conclusions about the performance of each model.

The results, summarized in Table 1, demonstrated performance variations across hybrid and non-
hybrid models. Among all the models tested, the proposed RFR-LSTM hybrid model demonstrates the best
performance, with R2 of 0.86, RMSE of 9.65 billion, and MAPE of 3.49%. The high R? indicates that the
model can explain most of the variability in the data, while the low RMSE and MAPE suggest that the
average prediction error is relatively small. This indicates that the proposed RFR-LSTM hybrid model
effectively captures long-term temporal trends and fluctuations, enabling accurate and stable predictions.
Moreover, comparisons with other hybrid models, including RFR-ARIMA and RFR-TES, validate the
performance of the proposed RFR-LSTM hybrid model. RFR-ARIMA, with Rz of 0.61, RMSE of
28.77 billion, and MAPE of 8.79%, shows moderate performance due to its inability to capture the nonlinear
patterns in the data. The RFR-TES model, with Rz of 0.18, RMSE of 107.02 billion, and MAPE of 41.16%,
exhibits the poorest performance. This is primarily attributed to its inability to model the complex, nonlinear
trends and fluctuations in the data. These findings highlight that compared hybrid models were less effective
in capturing long-term temporal patterns and handling the complexities of Lampung's tax revenue data,
underscoring the advantages of the proposed RFR-LSTM hybrid model.

Table 1. Performance comparison of forecasting models

Model R? RMSE MAPE
RFR-LSTM 0.86 9657649496.151793 3.49%
RFR-ARIMA 0.61 28768464073.80 8.79%
RFR-TES 0.18 107019336268.7519  41.16%
LSTM 0.49 19714057348.485973  7.13 %
ANN 0.53 17298174837.55586  6.58 %
MLR 0.71 312386439156.10287 5.1%

In addition, non-hybrid or single models, including LSTM, ANN, and MLR, were evaluated. The
LSTM model demonstrated a moderate level of performance, with R? of 0.49, RMSE of 19.71 billion, and
MAPE of 7.13%. The ANN model, with R2 of 0.53, RMSE of 17.30 billion, and MAPE of 6.58%, performs
similarly to LSTM. In contrast, MLR demonstrated better performance in terms of R?, achieving R2 of 0.71,
RMSE of 31.23 billion, and MAPE of 5.1%. However, the relatively high RMSE and MAPE suggest that
while MLR performs well in explaining variance, it was less effective in accurately predicting the values.
These results confirm that while non-hybrid models provide valuable estimates, they are limited in their
ability to capture the fluctuations within the specified data constraints. By combining interpolation and
temporal pattern modeling, the proposed RFR-LSTM hybrid model more effectively addresses these
complexities and provides more accurate forecasts.
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Overall, the comparisons reveal that while single and hybrid models have specific strengths, the
RFR-LSTM hybrid model provides a more comprehensive solution by addressing data gaps and fluctuations
simultaneously. This highlights its potential to unify different models for dependable and precise tax revenue
forecasting. Despite the promising results, further improvements are needed to refine regularization
techniques, integrate multiple methodologies, and enhance model generalization to handle the challenges of
generalizing to unseen data. Nevertheless, the proposed hybrid model has strong potential for further
refinement and broader application in forecasting tax revenue.

4. CONCLUSION

This study developed an RFR-LSTM hybrid model to improve tax revenue forecasting in Lampung
Province by integrating the interpolation capabilities of RFR with the temporal pattern-capturing function of
LSTM. The model demonstrated robustness in tax revenue forecasting, achieving high predictive accuracy
with an R2? of 0.86, RMSE of 9.65 billion, and MAPE of 3.49%. However, the proposed hybrid model’s
ability to generalize to unseen data remains a key limitation, as indicated by the increase in RMSE and
decrease in R? when tested on new data. These findings underscore the importance of improving model
robustness and generalization. Future research should explore techniques to enhance generalization, such as
incorporating additional data sources or refining interpolation methods. Furthermore, investigating the
applicability of this approach to other regions or countries with different tax structures could provide
valuable insights on how to adapt the model for broader use. Overall, this study contributes to advancing
forecasting methods for tax revenue prediction and provides a foundation for future improvements in
predictive modeling.
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