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Abstract— The price volatility of cayenne pepper in traditional markets significantly impacts household
purchasing power and regional inflation. While traditional statistical models can capture seasonal patterns,
they often fail to model complex non-linear fluctuations driven by external factors such as weather anomalies
and national holidays. To address these limitations, this study proposes a hybrid SARIMAX-LSTM model. The
Seasonal AutoRegressive Integrated Moving Average with eXogenous variables (SARIMAX) component is
utilized to model linear structures, seasonality, and the influence of exogenous variables (temperature, rainfall,
and holidays), whereas the Long Short-Term Memory (LSTM) component specifically models the remaining
non-linear patterns within the residuals. Daily data comprising chili prices, weather metrics, and holiday
schedules were employed to train and test the model using Root Mean Squared Error (RMSE) and Mean
Absolute Percentage Error (MAPE) as performance metrics. Experimental results demonstrate that the
proposed hybrid model significantly outperforms the single SARIMAX baseline model, reducing the RMSE by
26.7% (from 11.09 to 8.13) and MAPE by 28.6% (from 23.45% to 16.74%). This approach not only provides a
more accurate and robust decision-support tool for price stability but also contributes to the advancement of
artificial intelligence-based hybrid methods in the domain of food security.

Keywords: Cayenne Pepper, Food Price Prediction, Hybrid Model, LSTM, SARIMAX.

Intisari— Volatilitas harga cabai rawit di pasar tradisional secara signifikan mempengaruhi daya beli rumah
tangga dan inflasi daerah. Meskipun model statistik tradisional mampu menangkap pola musiman, model
tersebut seringkali gagal memodelkan fluktuasi non-linear yang kompleks akibat faktor eksternal seperti
anomali cuaca dan hari libur nasional. Untuk mengatasi keterbatasan tersebut, penelitian ini mengusulkan
model hybrid SARIMAX-LSTM. Komponen Seasonal AutoRegressive Integrated Moving Average with
eXogenous variables (SARIMAX) digunakan untuk memodelkan struktur linier, musiman, dan pengaruh
variabel eksogen (suhu, curah hujan, hari libur), sementara komponen Long Short-Term Memory (LSTM)
secara spesifik memodelkan pola non-linear yang tersisa pada sisaan (residual). Data harian harga cabai,
cuaca, dan hari libur digunakan untuk melatih dan menguji model menggunakan metrik Root Mean Squared
Error (RMSE) dan Mean Absolute Percentage Error (MAPE). Hasil eksperimen menunjukkan bahwa model
hybrid yang diusulkan secara signifikan mengungguli model pembanding SARIMAX tunggal, dengan
mengurangi nilai RMSE sebesar 26.7% (dari 11.09 menjadi 8.13) dan MAPE sebesar 28.6% (dari 23.45%
menjadi 16.74%). Pendekatan ini tidak hanya menawarkan alat bantu pengambilan keputusan yang lebih
akurat dan robust untuk stabilitas harga, tetapi juga memberikan kontribusi pada pengembangan metode
hybrid berbasis kecerdasan buatan di bidang ketahanan pangan.

Kata Kunci: Cabai Rawit, Prediksi Harga Pangan, Model Hybrid, LSTM, SARIMAX.
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INTRODUCTION

The instability of food commodity prices
poses a significant challenge in maintaining national
economic stability and public welfare [1]. One
commodity contributing substantially to food price
fluctuations is cayenne pepper (Capsicum
frutescens), which consistently exhibits high price
volatility in Indonesian traditional markets [2]. As a
staple ingredient in household consumption and the
culinary industry, fluctuations in cayenne pepper
prices have direct repercussions on inflation and
consumer purchasing power [3]. Data from the
Central Statistics Agency (BPS) indicates that
cayenne pepper is a primary contributor to
fluctuations in the Consumer Price Index (CPI). The
phenomenon of cayenne pepper price volatility is
influenced by various factors, including internal
data components such as trends and seasonality, as
well as external drivers [4]. External factors,
including climate-related anomalies that reduce
production output and demand surges during
national holidays, significantly contribute to market
instability by disrupting the equilibrium between
supply and demand [5], [6]. These conditions
render chili availability unstable, triggering
unpredictable price spikes that necessitate
forecasting models capable of accommodating such
exogenous variables [7].

In recent years, various time-series
forecasting methods have been applied to predict
agricultural commodity prices [8], [9]. The Seasonal
AutoRegressive Integrated Moving Average with
eXogenous regressors (SARIMAX) has proven
effective in modeling data with seasonal patterns
while incorporating the influence of external
variables [10]. For instance, a study by Nasirudin
and Dzikrullah (2023) effectively applied the
SARIMAX model to forecast chili prices in Indonesia.
Their study demonstrated that SARIMAX, by
incorporating external variables such as rainfall,
inflation, and Google Trends data, yielded more
accurate forecasts (MAPE 6.889%) compared to the
standard SARIMA model (MAPE 7.630%) [11].
Nevertheless, SARIMAX possesses fundamental
limitations due to its assumption of linearity within
the data, often failing to capture the complex, non-
linear fluctuation patterns common in commodity
price data [12].

Conversely, deep learning-based models
such as Long Short-Term Memory (LSTM) offer
distinct advantages in learning long-term
dependencies and complex non-linear patterns
from time-series data [13]. Research by Yun et al.
(2024) highlighted the superiority of LSTM in
predicting agricultural commodity prices over
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traditional statistical models [14]. However, pure
LSTM models are frequently regarded as "black
boxes" and do not explicitly separate linear
components, seasonality, or the impact of external
variables, making them difficult to interpret and
occasionally less accurate when seasonal patterns
are highly dominant [15]. Recognizing the
limitations inherent in single models, hybrid
approaches combining statistical and deep learning
models have emerged to enhance forecasting
performance. For example, Fiskin et al. (2022)
successfully demonstrated that a hybrid SARIMAX-
ANN model improved forecasting accuracy for
domestic cargo volume data. By leveraging
SARIMAX to capture linear patterns and Artificial
Neural Networks (ANN) to model the remaining
non-linear residuals, this hybrid model proved
superior to the single SARIMAX model [16].

From the literature review, a clear research
gap is identified: although hybrid models show
significant potential, their application to food
commodity price data in Indonesia, specifically
influenced by weather factors and national holidays,
remains limited. Most research continues to focus
on either statistical or deep learning models in
isolation. The fundamental challenge lies in
designing an integrated prediction system capable
of simultaneously combining the strengths of
statistical models in handling seasonality and deep
learning models in capturing non-linear complexity
to support food price stabilization policies.
Therefore, this study aims to design and implement
a hybrid SARIMAX-LSTM model to enhance the
accuracy of cayenne pepper price forecasting at
Lembang Market, Ciledug, Tangerang City.

MATERIALS AND METHODS

This research was conducted through a
structured series of stages, beginning with the
collection of time-series data on cayenne pepper
prices alongside exogenous variables (weather and
holidays) from various sources, including the
Meteorology, Climatology, and Geophysics Agency
(BMKG), the National Strategic Food Price
Information Center (PIHPS), Visualcrossing, and the
Coordinating Ministry for Human Development and
Cultural Affairs (Kemenkopmk). The research
framework is illustrated in Figure 1.

Weather variables utilized include average
temperature in degrees Celsius (°C) and rainfall in
millimeters (mm), obtained from BMKG and
Visualcrossing (South Tangerang Climatology
Station). Data regarding national holidays were
derived from the Joint Decree (SKB) of 3 Ministers
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and represented in binary format (value 1 for
holidays/collective leave, 0 for working days).

Preparing Multi-source Data

Data Input
Chili Prices, Weather Data,
Holiday Data

Data Preprocessing (Handling
Missing Values, Normalization, etc.

1

Division of Data into Training Data
(90%) and Test Data (10%)

l

SARIMAX Model Training (on
Training Data)

Output: SARIMAX Prediction
(on Test Data)
& Residuals (from Traming Data)
Training Remains

LSTM Model Training {on Training
Residuals)

}

Output: LSTM Residual Prediction
(on Test Data)

_

SARIMAX Prediction

Hybrnd Prediction Combination
(SARIMAX Prediction + LSTM
Residual Prediction)

Model Evaluation (on Test Data)

1

/éulpul. Metric Results (RMSE & MAF"E/

Source: (Research Results, 2025)
Figure 1. Research Framework

The dataset employed originated from the
National Strategic Food Price Information Center
(PIHPS), covering daily data from January 1, 2022,
to December 31, 2024. This timeframe was selected
to ensure the model captures the most recent
economic dynamics, specifically the post-pandemic
recovery phase and contemporary climate
anomalies that directly influence agricultural
productivity in the Tangerang region. This study
focuses on price data from Lembang Market,
Ciledug, Tangerang City, Banten Province. Lembang
Market was selected as a case study due to its status
as a vital traditional trading hub in the Ciledug area,
serving the needs of diverse community stratain the
border region of Tangerang City and South Jakarta.
The market is located at approximately -6.2377979°
S,106.7026491° E.
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Source: (Research Results, 2025)
Figure 2. Location of Lembang Market Ciledug

Data Pre-processing The pre-processing
stage included handling missing values using linear
interpolation for prices, as imputation is a standard
method for handling data gaps where values are
estimated based on  Thistorical data [17].
Subsequently, data normalization was applied using
the Min-Max Scaler to transform all numerical
variables (price, temperature, rainfall) into a range
between 0 and 1 to enhance computational stability.
The data was partitioned into a training set (90%)
and a testing set (10%). Hybrid SARIMAX-LSTM
Model Architecture The proposed model
architecture is a two-stage hybrid model. This
approach is grounded in the hypothesis that
commodity price time-series data contain both
linear components (trends and seasonality) and
non-linear components (random and complex
fluctuations) [18]. The first stage employs SARIMAX
to capture linear components, seasonality, and the
influence of exogenous variables. The residuals
from the SARIMAX model, assumed to contain non-
linear patterns, are then extracted. The residual is
calculated using the following formula:

Yt — Yt (1)

The model architecture flowchart is shown in
Figure 3.

et =

Time Series (Yt}

|

Model

(e Residual Error

(¥.) Linear Prediction

LSTM Model

(&) Residual Prediction

l

| o] | Summation of ¥, + & |

(¥i) Final Hybrid Prediction
Source: (Research Results, 2025)
Figure 3. Hybrid Model Architecture Flowchart
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SARIMAX Modeling The first stage involves
modeling using Seasonal AutoRegressive Integrated
Moving Average with eXogenous regressors
(SARIMAX). This model is highly suitable for chili
price data, which is influenced by seasonal factors
and external variables such as weather and holidays
[19]. The model order was determined
automatically using the auto_arima function based
on the lowest Akaike Information Criterion (AIC)
value.

LSTM Modeling on Residuals The second
stage utilizes LSTM to model the residuals (&)
produced by SARIMAX. The LSTM model was
designed with two layers (64 neurons and 32
neurons) and a Dropout layer with a rate of 0.2 to
prevent overfitting. The residual time series was
transformed into supervised learning sequences
using a sliding window technique. A window size
(lag) of 7 days was utilized to construct the training
samples, enabling the LSTM to learn temporal
dependencies from the previous week's errors to
predict the next day's non-linear correction.

Prediction Combination The final stage
involves combining the prediction results from both
models [20]. The final hybrid prediction (Hy) is
generated by summing the linear prediction from
SARIMAX (Y with the non-linear residual
prediction from LSTM (ey).

Hi=Y¢ + €% 2

Evaluation Scenario Model performance
evaluation was conducted using Root Mean Squared
Error (RMSE) and Mean Absolute Percentage Error
(MAPE) metrics:

1 —~
RMSE = \/;Z?=1(Yt — H,)? )

1wn |Ye— He

L &t=0

MAPE = X 100% )

For equation (3), where n represents the
total number of observations, Y; denotes the actual
value at time t, and Y: represents the predicted value
at time t. RMSE measures the square root of the
average squared differences between actual and
predicted values, providing an indication of the
model's prediction accuracy. And for equation (4)
where n represents the total number of
observations, Y: denotes the actual value at time ¢,
and Y: represents the predicted value at time ¢t
MAPE measures the average percentage error
between actual and predicted values, allowing
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interpretation of the model's performance in
percentage terms.

RESULTS AND DISCUSSION

This section presents the results of
exploratory data analysis, model implementation,
and performance evaluation. The time-series
visualization of cayenne pepper prices in Figure 4
reveals significant fluctuations and high volatility
without a clear long-term trend.

Trend Harga Cabai Rawit (2022-2024)

100

Harga IR

Source: (Research Results, 2025)
Figure 4. Cayenne Pepper Price Trend (2022-2024)

The price distribution exhibits right-
skewness, where the majority of data is
concentrated at lower values, yet extreme spikes
exist. Monthly seasonal patterns in Figure 6 indicate
prices tend to be higher in mid-year and year-end
periods.

Distribusi Harga Cabai Rawit

Frekuensi

40 &0 80 100
Harga (Rp)

Source: (Research Results, 2025)
Figure 5. Cayenne Pepper Price Distribution

Rata-rata Harga per Bulan
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Source: (Research Results, 2025)
Figure 6. Average Price per Month
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Based on the modeling, auto_arima identified
SARIMAX(2,0,0)x(0,0,1)[7] as the best model with
the lowest AIC on the training data. The automated
selection prioritized the ARIMA(2,0,0)x(0,0,1)[7]
structure to maintain a parsimonious model.
Exogenous variables temperature, rainfall, and
holidays serve as critical filters that stabilize the
baseline, allowing the residuals to purely reflect the
complex non-linear noise for the LSTM stage. The
performance of the Hybrid SARIMAX-LSTM model
was then compared with the single SARIMAX model
on the test data. The evaluation results are
presented in Table 1.

Table 1. Model Performance Comparison on Test

Data
Model RMSE (Rp) MAPE (%)
SARIMAX
Tunggal 11.09 23.45
Hybrid
SARIMAX-LSTM 8.13 16.74

Source : (Research Results, 2025)

According to Table 1, the Hybrid SARIMAX-
LSTM model demonstrates significantly superior
performance, reducing RMSE by 26.7% and MAPE
by 28.6% compared to the single SARIMAX. From a
cost-benefit perspective, the 28.6% improvement in
MAPE justifies the higher computational complexity
of the hybrid model. While more resource-intensive
than standalone models, its implementation is
feasible for regional government agencies utilizing
cloud-based data infrastructures to facilitate
accurate market interventions. This accuracy
improvement is visualized in Figure 7, where the
hybrid prediction curve aligns more closely with
actual price fluctuations, particularly during sharp
price changes. As demonstrated in Figure 7 and
Figure 10, the LSTM component acts as a non-linear
corrector that successfully identifies turning points
and sharp price spikes, which are often smoothed
over by the linear baseline of the standalone
SARIMAX model.

Perbandingan Harga Aktual vs Prediksi Model

— Harga Akual

o SARIMAX
" — Hybrid SARIMAX-LSTM

Harga Cabai Rawit (Rp)
®

&

0241115
Tanggal

0241001 2241015 241101 0241201 0241215 0250101

Source: (Research Results, 2025)
Figure 7. Comparison of Actual vs Predicted Prices
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Diagnostic analysis in Figure 8 shows that
the SARIMAX model residuals are not normally
distributed, confirming the presence of uncaptured
non-linear patterns.

Q-Q Plot Residual
Residual Model SARIMAX (Test Normalitas)

w%&/‘

Source: (Research Results, 2025)
Figure 8. SARIMAX Model Prediction and Residual

Q-Q Plot

The LSTM model successfully learned the
complex patterns from these residuals (Figure 9),
providing the necessary correction for the final
prediction.

LSTM Performance on Residuals
(Training Data)
—— Actual Residuals
20 —— LSTM Predictions

Residual Value

o 200 400 600 800 1000
Data Point

Source: (Research Results, 2025)
Figure 9. LSTM Performance on Residuals
(Training Data)

In addition to accuracy, the hybrid model also
exhibits better stability in anomaly detection
(Figure 10), detecting only 5 unnatural price spikes
compared to 24 in the single SARIMAX model. This
indicates the hybrid model is more robust.

Detes Aol - Pries SARBAAX Deeks Ancanl - Prcis Fyteid

EF [ = /
‘ |
| \

\f '.f‘ P\'\J\J\f‘(

Source: (Research Results, 2025)
Figure 10. SARIMAX Prediction and Hybrid
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Gabungan Semua Metode Deteksi Anomali
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Source: (Research Results, 2025)
Figure 11. Combined Methods in Detecting
Anomalies
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Source: (Research Results, 2025)
Figure 12. Absolute Error Analysis of SARIMAX and
Hybrid

To rigorously validate the forecasting
superiority, a Diebold-Mariano (DM) test was
performed. The test yielded a DM statistic 0f9.9741
(p < 0.001), confirming that the hybrid model's
accuracy gain is statistically significant and
sustained throughout the testing period, as
visualized in the Cumulative Loss Differential
(Figure 13).

Cumulative Loss Differential (DM Test)

= Cumulative Loss Differential

20281001 241015 0241101 241115 0241201

Time Index

Source: (Research Results, 2025)
Figure 13. Cumulative Loss Differential

2241215 20250101
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CONCLUSION

Based on the modeling and evaluation
results, it is concluded that the hybrid SARIMAX-
LSTM model is significantly superior in forecasting
daily cayenne pepper prices compared to the single
SARIMAX model, with a reduction in RMSE of 26.7%
and MAPE of 28.6%. This advantage stems from the
two-stage architecture where SARIMAX captures
linear patterns and the influence of exogenous
variables (weather and holidays), while LSTM
effectively predicts complex non-linear residual
patterns. This study confirms that the hybrid
approach constitutes a robust framework for
volatile food price data. For future research, it is
recommended to incorporate other external
variables such as logistics costs (fuel prices) and
inflation, as well as to validate the model on
traditional market data in other regions to test
model generalization. Future studies should
incorporate broader economic indicators, such as
logistics costs driven by fuel price fluctuations and
supply chain stability, to further refine forecasting
precision under diverse economic shocks. The
development of a real-time forecasting system
based on this model is also highly recommended to
support decision-making for farmers and the
government. It is important to note that while
robust, the model’s resilience against 'black swan'
events, such as sudden policy shifts or catastrophic
natural disasters, remains a challenge. Thus,
ongoing validation across various commodities and
regions is recommended to ensure broad
applicability.
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