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ABSTRACT

This study aims to develop a decision support model to predict public interest trends in Indonesian
pawning services while simultaneously quantifying uncertainty risks through a hybrid framework. Utilizing
daily Google Trends time-series data as a real-time proxy for pawning demand over a five-year period
(November 2020—October 2025), this research develops a hybrid model. It integrates Long Short-Term
Memory (LSTM) to map complex non-linear patterns and long-term dependencies, with Monte Carlo
simulation (via the MC Dropout technique) to generate probabilistic forecasting. Empirical results
demonstrate that the deterministic LSTM component achieved "Highly Accurate" performance, measured by
a Mean Absolute Percentage Error (MAPE) of 7.90% on the test set. The MAPE results prove the model's
capability in separating fundamental trend signals from daily noise. Furthermore, the probabilistic Monte
Carlo component successfully transformed single-point forecasts into measurable risk distributions. The
model proved effective as an anomaly detector, identifying market surprises when actual values fell outside
the 95% Confidence Interval. The novelty of this research lies in the hybrid integration of deep learning and
stochastic Monte Carlo simulation applied to the underexplored pawning financial sector. This study
contributes theoretically to time-series forecasting and pawning literature. Additionally, it offers managerial
contributions, particularly for stakeholders in the pawning industry, by providing a tool for risk-based
decision-making.

Keywords: Time-Series Forecasting, Long Short-Term Memory (LSTM), Monte Carlo Simulation, Google
Trends, Pawning Industry, Risk Management.

1. INTRODUCTION financial intentions cannot be directly observed by

Currently The global financial services industry is ~ service providers. Within this context, digital
undergoing a fundamental transformation driven by  information search activity is not merely construed
digitalization. Amidst this evolution, access to rapid  as technical internet behavior, but rather as a 'signal'
and secure short-term liquidity, such as pawning emitted by consumers acting as economic agents [2].
services, remains a fundamental need for household =~ When consumers experience liquidity stress, prior to
financial stability and Micro, Small, and Medium executing a physical transaction, such as visiting a
Enterprises (MSMESs). As one of Southeast Asia's  pawnshop, they first emit digital signals via search
largest financial markets, Indonesia's "pawning" engines [3]. Consequently, a surge in the search
(gadai) industry plays a crucial, yet often volume for the keyword 'gadai' in Google Trend can
overlooked, role. The pawnbroking industry in be theoretically validated as a leading indicator of
Indonesia is showing positive growth in 2025, with  financial distress [4]. The methodological challenge,
the number of companies growing by 12%, total however, is that this digital signal is often conflated
assets increasing by 23%, and revenue growing  with information noise, necessitating a deep learning
significantly by 37.5% [1]. approach to isolate the pure pawning intention signal

Financial markets are frequently confronted with from random search volatility [3], [6].

information asymmetry, wherein consumers'

e
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The fluctuation in Google Trend is not random,; it
reflects complex patterns of seasonal demand (e.g.,
New School Year, Eid al-Fitr) and sudden economic
shocks (e.g., crises, recessions, or layoffs). This high
volatility creates significant operational and
financial risks for industry stakeholders. The
inability to accurately predict demand surges or
declines hinders liquidity planning, resource
allocation, and marketing strategies. To address this
volatility, traditional forecasting often relies on
linear statistical models such as ARIMA or
SARIMA [7]-[9]. However, these traditional models
fail to capture the complex non-linear patterns driven
by dynamic events. Consequently, Deep Learning
techniques such as Gated Recurrent Units (GRU)
[10], [11] and Convolutional Neural Networks
(CNN) [12], [13] have also been adopted to capture
non-linear patterns that traditional statistics miss.
Unlike CNNs or GRUs, LSTM possesses a superior
capacity to preserve long-term dependencies without
information degradation, rendering it more precise in
capturing the complex volatility patterns of financial
data. However, these deep learning models share a
fundamental limitation: they are deterministic. They
provide only a single point forecast

In reality, financial managers, particularly in the
pawning industry, require more than just high-
accuracy point predictions; they critically need
measurable risk scenarios. These probabilistic
scenarios are essential for effectively allocating
liquidity reserves and formulating strategic defenses
against sudden demand surges. This specific gap is
addressed in this study through the hybridization of
LSTM with Monte Carlo (MC) Dropout.

This creates a critical gap for financial managers
who require not just a prediction of value, but a
measurable scenario of risk to allocate liquidity
reserves effectively. Consequently, the primary
objective of this research is to address this specific
gap by developing a hybrid framework that
integrates the pattern-recognition power of LSTM
with the uncertainty quantification of Monte Carlo
(MC) Dropout. By doing so, this study aims to
transform the forecasting output from a static single
value into a dynamic probabilistic distribution,
providing a robust decision-support tool for the
Indonesian pawning industry.

2. LITERATURE REVIEW

2.1. Long Short Term Memory (LSTM)

Long Short-Term Memory (LSTM) is an
advanced Recurrent Neural Network (RNN)

16

architecture  introduced by  Hochreiter &
Schmidhuber (1997) [26]. Unlike standard
feedforward networks, RNNs are designed to
process sequential data, using past information to
inform current and future outputs. LSTMs enhance
standard RNNs by introducing a 'memory cell'
regulated by three complex 'gates': a forget gate
(determining what information to discard), an input
gate (determining what new information to store),
and an output gate (determining what information
from the cell to output) [27]. This mechanism allows
the model to intelligently retain relevant information
over extended time horizons (e.g., annual seasonal
patterns) while forgetting irrelevant short-term noise
[28]. The primary advantage of LSTM is its ability
to model complex non-linear patterns and long-term
dependencies simultaneously.

Real-world time-series data, such as financial
market data or search interest, are rarely linear and
are often characterized by shifting trends and sudden
shocks [22].

Forecasting has traditionally relied on
conventional linear statistical models, such as
ARIMA or SARIMA, to capture shifting trends and
other predictive factors [8], [29]. However, these
conventional models fail to capture complex non-
linear patterns driven by dynamic events.
Consequently, Deep Learning techniques like Gated
Recurrent Units (GRU) and Convolutional Neural
Networks (CNN) have been adopted to capture the
non-linear intricacies that traditional statistics miss
[11], [13]. Unlike CNNs, which focus on local
features [30], or GRUs, which simplify memory
mechanisms for the sake of speed [31], LSTM
possesses a superior capacity to preserve long-term
dependencies without experiencing information
degradation. This advantage renders LSTM more
precise in capturing long historical contexts, making
it crucial for predicting the volatility of complex
financial data [32]. LSTM has proven in various
sequential forecasting applications, including
financial market prediction, e-commerce demand
forecasting [33], and risk forecasting [32].

Nevertheless, despite their superior accuracy,
these deep learning models are inherently
deterministic. They produce only a single-point
forecast. In reality, financial managers, particularly
within the pawning industry, require more than just
high-precision point predictions; they critically need
measurable risk scenarios. These probabilistic
scenarios are essential for effectively allocating
liquidity reserves and formulating strategic defenses
against sudden demand surges. This specific gap is
addressed in this study through the hybridization of
LSTM with Monte Carlo (MC) Dropout.
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The "gadai" Google Trends data is ideal for
LSTM due to its non-linear (event-driven) and
seasonal (cycle-driven) nature. LSTM is capable of
mapping these complex patterns to generate an
accurate baseline forecast. However, a standard
LSTM model is deterministic: it produces only a
point forecast (a single-number prediction). This is a
significant methodological weakness as it fails to
quantify the wuncertainty of its prediction—a
limitation addressed by the next hybrid component..

2.2. Monte Carlo

IT Monte Carlo (MC) Simulation, also
known as the Monte Carlo Method, is a
mathematical computation technique wused to
estimate the possible outcomes of an uncertain
event. Invented by John von Neumann and Stanislaw
Ulam during World War II to model probabilistic
scenarios, it was named after the casino in Monaco,
highlighting the element of chance at the core of its
approach [34]. Unlike deterministic models, MC
runs thousands (or millions) of 'scenario' trials using
random sampling from a probability distribution
[35], [36].

This technique has demonstrated significant
efficacy across various domains, particularly in
production, politics and medical diagnostics [37]—
[40]. While its adoption within the broader financial
sector is growing, its application specifically within
the pawning industry remains scarce. Although
previous literature has explored hybridizing this
method with other techniques, none have
specifically applied it to address liquidity risks in
pawning [41], [42]. Consequently, this study extends
the application of MC Dropout beyond a mere
technical optimization tool, repositioning it as a
strategic instrument for risk mitigation in the
pawning industry. Its greatest strength is its ability to
transform uncertainty into quantifiable risk. Monte
Carlo has become a cornerstone of modern risk
analysis, particularly in finance for calculating
Value-at-Risk  (VaR), pricing options, and
evaluating investments [38], [43].

This research proposes a hybrid model to
overcome the point-forecast limitation of LSTM. In
this framework, the LSTM is tasked with finding the
complex 'signal' (non-linear patterns) from the
historical data. Subsequently, Monte Carlo
(implemented via the MC Dropout technique) is
tasked with simulating the 'moise' (uncertainty/risk)
around that signal. This combination allows us to
shift from the point forecast (provided by LSTM) to
a probabilistic forecast (provided by MC), directly
addressing the need for managerial risk scenarios.
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2.3. Google Trends

Google Trends (GT) functions as a real-time
index of public search interest. The data is presented
on a scale of 0 to 100, where 100 signifies peak
relative popularity for a specified query, region, and
timeframe. Due to its real-time and high-frequency
nature, GT data has become a subject of intensive
academic research [44].

A key advantage of GT data is its role as a
leading indicator of human behavior, contrasting
sharply with traditional economic data, which are
often lagging indicators [4], [5].

In the fields of business and economics, GT
data has been effectively used for nowcasting
(predicting the present) and forecasting various
variables.  Established  applications include
forecasting retail sales, predicting stock market
prices [6] , estimating fashion product choices [4]
and monitoring unemployment rate [7].

However, the utilization of Google Trends
data as a proxy for pawnshop (gadai) demand
remains significantly underexplored.

3. METHODOLOGY

This chapter details the methodological
framework used to answer the research question.
This study adopts a hybrid time-series forecasting
framework that integrates deep learning (LSTM) for
pattern mapping and stochastic simulation (Monte
Carlo) for risk quantification. The research
workflow is visualized in Figure 1.
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Figure 1: Research Methodology Flowchart

Figure 1 represent the research methodology in
this study which consists of five primary stages:

3.1. Data Acquisition and Preprocessing

This stage involves data retrieval and
preparation. The dataset used is the Google Trends
time-series for the keyword "gadai" in Indonesia
(geo="ID"). The dataset comprises 5 years of daily
data (November 1, 2020, to October 31, 2025),
acquired on November 12, 2025, totaling
approximately 1,826 data points. As the Google
Trends API restricts daily data retrieval to periods of
less than 9 months, we implemented a "rescaling
overlapping-chunks" method. Data was retrieved in
8-month segments with a 1-month overlap. Each
new segment was then mathematically joined to the
previous segment to create a single, consistent, and
complete 5-year daily time-series.

1. Data Cleaning and Normalization

After data acquisition, the following steps were
taken to ensure data quality and readiness for the
LSTM model:

o Handling Missing Data. This stage addresses
missing values. Sporadic missing (NaN) or
zero (0) values within the Google Trends data
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were handled using time-based linear
interpolation (.interpolate(method="time"))
[45], [46].

Data Splitting. The dataset was chronologically
split into an 80% training set and a 20% testing
set. This split is essential to simulate a real-
world scenario where the model is trained on
the past to predict an unseen future.

Data Scaling and Leakage Prevention. This
stage scales the data, as LSTM models are
highly sensitive to the input scale. We utilized
the MinMaxScaler from scikit-learn to
normalize all data to a [0, 1] range. A critical
justification for this step is the prevention of
data leakage: the MinMaxScaler is fit (i.e.,
learns the min/max values) only on the training
set. This same fitted scaler is then used to
.transform() both the training and testing sets,
ensuring no information from the future (the
test set) "leaks" into the training process [47],
[48].

3.2. Sequence Transformation (Windowing)

This stage is the transformation step for the
LSTM. An LSTM model does not predict from a
single data point, but from a sequence. This research
converts the normalized univariate series into a
supervised learning format using a sliding window
method, with the following steps:

Timestep (Look-back). LSTM learns from
time-series data, so this part sets the duration
for supervised learning. Based on initial
experiments, the TIMESTEP was set to 60
days.

Process. The model is given an input (X)
comprising a sequence of 60 days of historical
data to predict the output (y) on the 61st day.
This window is then slid forward one day
(stride=1) across the entire dataset.

Reshaping. The resulting X train and X_test
inputs are then reshaped into the 3D tensor
format required by Keras-LSTM: [Samples,
Timesteps, Features]. For this study, the shape
is (N, 60, 1).

3.3. Hybrid Model Architecture (LSTM-MC) -
Deterministic Model Architecture (LSTM)

The core methodological foundation of this
research is a hybrid framework designed to achieve
two primary objectives, first, to map non-linear
patterns using Long Short-Term Memory (LSTM),
and second, to quantify risk using Monte Carlo
simulation. These objectives are achieved first
through the LSTM methodology. Following a series
of iterative experiments to acquire clean and
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processed data, the subsequent analysis was
conducted using a model architecture built with the

Sequential API from Keras from TensorFlow [49],
[50]. The LSTM architecture was designed as a
layered analytical workflow [51], [52], detailed as
follows:

e Layer 1 (Input/Pattern Mapping): The first
LSTM layer with 100 units (neurons). This
layer  receives the input sequence
(TIMESTEP=60) and 1is responsible for
mapping the initial temporal patterns. The
return_sequences=True parameter is activated
to ensure the layer passes the full sequence of
findings (rather than just the final output) to the
subsequent layer.

Layer 2 (Regularization): This layer randomly
deactivates 20% of neurons during the training
phase by setting Dropout(rate=0.2). This is a
critical regularization mechanism to prevent
overfitting by ensuring the model does not
become overly reliant on individual neurons for
feature detection.

Layer 3 (Pattern Synthesis): The second LSTM
layer, also with 100 units. This layer receives
the sequence of findings from the first layer and
synthesizes them into a single final
representation vector. The return
sequences=False setting instructs this layer to
return only the output from the final timestep.
Layer 4 (Regularization): A  second
Dropout(rate=0.2) layer is applied to regularize
the output from the synthesis layer and further
mitigate the risk of overfitting.

Layer 5 (Output): This layer functions as the
final decision-maker, translating the complex
synthesis vector from the LSTM layers into a
single scaled prediction value (between 0 and

1). This is implemented as a standard Dense
layer with 1 unit and a linear activation
function.

3.4. Training Parameters and Optimization.

The architecture described above is the
"blueprint"; the training process is key to obtaining
a stable and generalizable model. Based on empirical
observations during our iterative process, the
following training parameters were specifically
chosen to stabilize the model:

e  Optimizer (Learning Method): This research
utilizes the Adam  optimizer. Initial
observations revealed that the default learning
rate (LR) of 0.001 was too high, causing a
highly unstable or "noisy" wvalidation loss
curve. Therefore, we explicitly defined the
Adam optimizer with a lower custom learning
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rate of learning rate=0.0001. This step proved
crucial in producing the smooth and convergent
learning curve essential for a reliable model.
Batch Size (Learning Group): Set to 32. This
smaller batch size (compared to the common
default of 64) was chosen to facilitate a more
frequent and smoother weight update process.
This decision provably contributed to the
stability of the validation loss during training.
Loss Function: We utilized
mean_squared error (MSE) as the loss
function, which is the standard metric for
regression-based forecasting problems [33],
[53].

Overfitting Prevention (Model Auditor): In
addition to Dropout, we implemented the
EarlyStopping callback. This mechanism
monitors the val loss metric (the model's
performance on unseen test data) at each epoch.
Training was configured to halt automatically
if the val loss did not show improvement for a
patience=15 epoch window. Critically, we used
restore_best weights=True, ensuring that the
final model employed in this study is the one
from the epoch with the lowest val loss, not the
model from the final epoch which may have
already begun to overfit.

3.5. Probabilistic Framework (MC Dropout)

The model trained in the preceding steps is
deterministic; it produces a single "best guess" (point
forecast). To transition to probabilistic forecasting,
this study adopts the Monte Carlo (MC) Dropout
technique, which was theoretically validated by Gal
& Ghahramani (2016) [31]. This method interprets
dropout as a Bayesian approximation for uncertainty
quantification [54].

Implementation: We take the trained LSTM
model (retrieved from the best epoch by
EarlyStopping) and call it N_ SIMULATIONS
= 1000 times to predict the same data points.
Core Mechanism: In each of these 1,000
simulation calls, we explicitly set the
training=True parameter. This forces the
Dropout(0.2) layers to remain active during the
prediction (inference) phase.

Output (Distribution): Because the neurons
"deactivated" by the dropout layers are random
in every call, each of the 1,000 predictions
yields a slightly different output. This
collection of 1,000 diverse predictions forms
an  empirical  probability  distribution
(histogram) of the expected output. This final
distribution allows to measure risk and
calculate confidence intervals.
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4. RESULTS AND DISCUSSIONS

This section reports and analyzes the results of
the hybrid modeling performed on the "Gadai"
(Pawning) Google Trends data. The reporting in this
chapter is divided into five stages that narrate the
model's proof-of-concept.

4.1. Descriptive Statistics of '""Gadai" Data

Prior to predictive modeling with Deep Learning,
a descriptive analysis was conducted on the daily
"Gadai" Google Trends time-series dataset (N=1827
days). This step is crucial for understanding the
data's characteristics and distribution. The
descriptive results are presented in Table 1.

Table 1: Descriptive Statistics of Daily "Gadai" Search
Interest

Statistic Value
Count (N) 1827
Mean 79.794
Std. Deviation 17.794
Min 26.765
25% (Q1) 67.000
50% (Median) 78.176
75% (Q3) 89.930
Max 143.798

for an LSTM-based approach, which can capture
dynamic patterns more effectively than traditional
linear statistical methods (such as ARIMA).

4.2. Model Training Dynamics and Validation

The LSTM model was configured using a
stacked architecture as detailed in Chapter 3
(comprising two 100-unit LSTM layers and two 0.2-
rate Dropout layers). The training process was
conducted for 100 epochs, utilizing an
EarlyStopping mechanism and the optimized
parameters (Ir=0.0001, batch_size=32).

The training results (summarized from STAGE 7
logs) show that the Loss function (MSE) on both the
training data (Training Loss) and validation data
(Validation Loss) converged in a stable manner. This
stability is confirmed by the validation loss, which
moved harmoniously around 0.0179 at the end of
training. [Note: The training was automatically
halted by EarlyStopping at Epoch 72 (as per log
file), restoring the best weights from the lowest point
of the val loss curve.] This result indicates stable
convergence, suggesting the LSTM model
successfully learned the sequential patterns of the
data without succumbing to severe overfitting [53].
The results of this training are visualized in Figure 2.

Learning Curve: Training Loss vs. Validation Loss (Final Model)
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Based on Table 1, the mean daily search index
was 79.79. The wide disparity between the minimum
(26.76) and maximum (143.80) values, as well as the
significant standard deviation (17.794), confirms
that the data possesses high volatility and non-linear
fluctuations. This unstable data characteristic is ideal
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Figure 2: Training and Validation Phases

Figure 2 visualizes the descent trajectory of the
Loss (MSE) value over the training iterations
(epochs). The blue curve represents the error on the
training data (Training Loss), while the red curve
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represents the error on the validation data
(Validation Loss). Based on this graph, three
diagnostic conclusions can be drawn:

1. Rapid Convergence: A sharp decrease in both
Training and Validation Loss occurs within the
first 5 epochs (dropping from ~0.14 to ~0.02).
This indicates that the Adam optimizer with the
custom learning rate=0.0001 was highly
effective in finding the proper gradient descent
at the beginning of the process.

(RMSE) and Mean Absolute Percentage Error
(MAPE) as standard metrics. The results are
presented in Table 2.

Table 2: Model Performance Evaluation Metrics

. Training | Test
Metric Set Set
RMSE 8.547 10.644
MAPE (%) 9.57% 7.90%

2. Generalization Capability: The minimal gap
between the blue and red lines, and the fact that Based on Table 2, the model achieved a MAPE
both curves move in tandem (converge) until  of 7.90% on the Test Set. Referencing the
the end, proves that the model possesses forecasting accuracy standard [55] , a MAPE value
excellent generalization capability  below 10% can be categorized as "Highly Accurate"
(robustness). This phenomenon demonstrates  prediction capability. The RMSE value of 10.644
that the applied Dropout(0.2) and implies that the average deviation of predictions
EarlyStopping  mechanisms  successfully  from the actual values is approximately 10.6 index
prevented the model from becoming overly units, which is within operational tolerance limits
complex and overfitting. [56].
3. Asymptotic Stability: From approximately This performance is visually supported by Figure
epoch 20 to the end, both curves plateau. This 3.
indicates the model had reached its optimal
Actual vs. Predicted Signal (Final Madel)
— Aclual Data (Raw)
140 Train Prodichicn (Signal)
== Test Prediction (Signal)
120
i: 100
|
g "1 l J;"- / l": M
o Wl " ,| ) "r Iy " | |
©!

10’.’1 Z'J'Zl ZU'IJ 2’3"(" 10’1) 1C"£t
performance point. EarlyStopping with Figure 3:Comparison of Actual Signal vs. Model
patience=15 precisely identified this saturation  Prediction
point, making the decision to halt training The visualization in Figure 3, which
computationally efficient. superimposes the actual data (blue line) with the

4.3. Deterministic Model Performance model's predictions (dashed orange/red lines),

Evaluation

This section validates the model's fundamental
ability to capture data trend patterns (point forecast)
and ensures the prediction error rate falls within an
acceptable tolerance (<10%).

In the initial evaluation phase, the model was
tested deterministically (without activating MC
Dropout during inference). The model's performance
was measured using Root Mean Square Error

21

confirms three crucial findings about the constructed
LSTM model:

1. Sensitivity to Trend Changes: The prediction
line (especially the red test-set line)
demonstrates an ability to adapt and follow the
"uptrend" of the actual data, particularly in the
2024-2025 period, without significant lag. This
proves the model did not just memorize past
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patterns but could generalize to new dynamic Figure 4: Monte Carlo Prediction Distribution
data. (n=1000) for Test Point 0

2. Noise Filtering Effect: The prediction lines
(orange and red) appear significantly  Table 3: Probabilistic Risk Analysis Results (Sample of
"smoother" than the highly spiky (jagged) First 10 Test Days) (Data from STAGE 10 Script)

actual data line. This is an ideal outcome. The | Test Mc | 5% | 95%
model has successfully separated the | Day Actual | o on | €T C1 Status
"Underlying Signal" from the "Daily Noise." Lower | Upper

0 84.01 92.62 85.30 99.94 Anomaly

By producing a smoother curve, the model
provides a more robust trend estimate for
managerial decision-making, avoiding
overreaction to insubstantial daily fluctuations.
3. Cross-Phase Consistency: There is no
discernible performance discrepancy between
the training phase (orange) and the testing
phase (red); both adhere closely to the actual
data. This confirms the model is not overfitting
(memorizing noise). The model successfully
extracted fundamental patterns from the Figure 4 and Table 3 visualizes the core output
training data and applied them to unseen test  of the hybrid model: a probability distribution from
data, demonstrating high robustness and 1,000 scenarios for Test Day 0. The model's "best

99.53 91.93 84.85 98.92 | Anomaly
115.04 | 92.28 | 84.39 | 99.32 | Anomaly
124.08 | 94.52 | 86.80 101.87 | Anomaly
96.94 97.78 1 90.34 105.49 | Validated
108.57 | 98.98 | 90.63 107.24 | Anomaly
112.45 | 100.58 | 92.36 108.80 | Anomaly
102.11 | 102.39 | 93.84 110.18 | Validated
107.28 | 102.81 | 94.04 110.86 | Validated
95.65 103.76 | 94.75 112.23 | Validated

O [XR[J [N ||~ |W| N |—

generalizability. guess" (MC Mean) is 92.62, with a 95% Confidence
4.4. Probabilistic Analysis and Uncertainty Interval (CI) between 85.30 and 99.94.
Quantification However, the actual observed value (dashed red

This stage represents the primary contribution line) was 84.01. This is a key finding: the actual
(novelty) of this research, where we implement value fell outside the 95% CI. This is not a model
Monte Carlo (MC) Dropout to capture epistemic  failure; rather, it is evidence of the probabilistic
uncertainty. By rumning 1,000 simulations for each  method's learning process. The model, trained on 5
test point, the model generates a probability years of history, identified the event on Test Day 0
distribution of predictions, rather than a single point  as a statistical anomaly (a <2.5% probability event).
estimate. The results are presented in Figure 4 and A standard LSTM would merely predict 92.62 and
Table 3. be marked as "wrong." The hybrid LSTM-MC,

however, provides crucial context: "The model
predicts 92.62, and it signals that the actual event of
84.01 is a 'surprise' in the market."

e
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Table 4.3 shows this pattern continued for the
first four days (labeled "Anomaly") before the
market returned to "normal" behavior (labeled
"Validated"). This demonstrates a shift from mere
"accuracy" to "risk management." For a marketing
manager in the pawning industry, this output is an
early warning indicator. When the actual value falls
outside the predicted range, it triggers important
managerial questions about unexpected market
events. The model successfully quantifies
uncertainty and transforms data into actionable
insight.

4.5. Model Comparison: Deterministic vs.
Probabilistic

To validate the effectiveness of the probabilistic
approach, a head-to-head comparison was conducted
between the standard deterministic LSTM prediction
and the mean of the 1,000 MC simulations as shown
in Table 4.

Table 4: Model Performance Comparison (Mean
Accuracy)

Test Test

Model Type RMSE MAPE
(%)

LSTM o
(Deterministic) 10.644 | 7.90%
LSTM-MC
(Probabilistic 10.646 | 7.89%
Mean)

The results in Table 4 are highly significant. The
RMSE and MAPE figures for both models are nearly
identical. This proves that the addition of the
probabilistic layer (MC Dropout) does not sacrifice
or degrade the mean predictive accuracy. Instead, the
MC Dropout method provides massive added value
(i.e., "risk information" and confidence intervals)
without compromising core forecasting precision.

4.6. Comparative Analysis

Based on the empirical evaluation, the proposed
hybrid model successfully demonstrated high
predictive performance. However, the primary
significance of this study extends beyond mere
accuracy metrics. The core novelty lies in the
paradigm shift it offers: transitioning from static,
deterministic forecasting to dynamic, probabilistic
risk assessment.

Conventional linear models, such as ARIMA and
ARIMAX, have proven empirically effective for
forecasting stable macro-trends, such as epidemics
or unemployment rates [7], [57]. However, these
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traditional models are inadequate for capturing the
complex non-linear patterns and sudden shocks that
characterize distress financing and pawning demand.
Addressing this limitation represents one of the
distinct advantages of the proposed hybrid
framework.

Furthermore, to address non-linearity, recent
literature has advanced towards Deep Learning
architectures. Studies utilizing hybrid SARIMA-
LSTM for aerosol data [9], Bidirectional CNN-
LSTM for stock prices [22], or other CNN-based
models [13] have indeed significantly improved
predictive precision. Nevertheless, these studies
share a fundamental limitation: they remain
deterministic. They generate only single-point
forecasts without indicating the model's confidence
level—a critical gap for effective management
decision-making.

Even when compared to the "closest" existing
work, specifically studies forecasting global drought
using similar Google Trends and LSTM [15], this
research offers a distinct value-add. While such
studies validate the power of Google Trends as an
early signal, they are limited to single-point value
predictions without quantifying the dimension of
uncertainty. Conversely, this research fills that gap
by introducing confidence intervals through the
Monte Carlo probabilistic layer. Thus, this study
completes the literary evolution: moving from rigid
linear statistics and risk-blind deterministic Deep
Learning, toward a Hybrid LSTM-Monte Carlo
Dropout model capable of quantifying previously
neglected epistemic uncertainty. This provides
pawning managers with a strategic instrument to
map "upper bound risk" amidst market volatility.

5. CONCLUSIONS

The primary objective of this research was to
demonstrate the efficacy of a hybrid LSTM-Monte
Carlo model in predicting public interest trends in
Indonesian pawning services using Google Trends
data, while simultaneously providing valid
probabilistic risk assessments. Utilizing a dataset
spanning 5 years (November 1, 2020, to October 31,
2025; N=1,826), this study employed a deterministic
LSTM model integrated with Monte Carlo (MC)
Dropout. The empirical results confirm the
robustness of the proposed framework. The
deterministic LSTM component achieved high
predictive accuracy with a MAPE of 7.90%,
classifying it as a "Highly Accurate" forecasting
model. The LSTM architecture successfully
extracted fundamental signals from highly volatile
search data, effectively filtering out insubstantial
daily noise, a capability that overcomes the
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limitations of traditional linear models which often
overfit to noise. Furthermore, the probabilistic
component (MC Dropout) successfully transformed
single-point predictions into risk distributions. The
model demonstrated its capability as an anomaly
detector, identifying "market surprises" (e.g., on Test
Days 0-3) where actual values fell outside the 95%
Confidence Interval. These findings indicate that the
model functions not only as a predictor but also as a
robust risk management tool.

Based on the achievement of the initial research
objectives, the authors conclude that the contribution
of this study extends beyond mere accuracy metrics.
Fundamentally, the hybridization of LSTM with MC
Dropout offers a paradigm shift in Deep Learning
application: moving from rigid single-point
predictions to dynamic risk-distribution forecasting.
Specifically for the pawning industry, this finding
transforms liquidity management from reactive
demand estimation into an anticipatory and
measurable risk mitigation instrument.

6. IMPLICATIONS
This study makes significant contributions to
the existing literature in three key areas:
Time-Series Forecasting Literature: We
demonstrate that integrating deep learning (LSTM)
with stochastic simulation (Monte Carlo) can be
achieved without sacrificing mean predictive
accuracy  (Probabilistc MAPE  7.89%  vs.
Deterministic MAPE 7.90%). This finding validates
that uncertainty quantification adds massive value
without degrading core forecasting performance.
Pawning Industry Literature: This study
contributes by constructing a specialized predictive
model for the Indonesian pawning sector. It validates
the use of Google Trends as a reliable leading
indicator for pawning demand, filling a gap in digital
financial behavior research in developing markets.
Risk Management Literature: We contribute
a novel framework for "Digital Risk Sensing". By
applying MC Dropout to search query data, we
provide a method to quantify the epistemic
uncertainty of market interest, offering a new metric
for assessing financial distress risks in real-time.
Beyond theoretical advancements, this study
offers actionable implications for practitioners in the
pawning and microfinance industry:
Early Warning System: The model serves as
a real-time early warning system. When realized
demand falls outside the predicted 95% Confidence
Interval, managers can immediately trigger response
protocols, such as investigating external market
anomalies or adjusting liquidity positions.
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Operational ~ Risk  Management:  The
probabilistic distribution allows managers to shift
from "average-based planning" to '"risk-based
planning." For instance, branch managers can
optimize cash reserves based on the upper bound of
the 95% CI (worst-case demand scenario) rather than
the mean, thereby minimizing the risk of liquidity
stockouts while maintaining efficiency.

7. LIMITATIONS AND SUGGESTIONS

This study acknowledges two primary
limitations.  First, from a methodological
perspective, the current model functions as a single
step forecaster (predicting only 1 day ahead);
consequently, its capability for multi-step
forecasting and the potential impact of compounding
errors over long-term horizons remain untested.
Second, regarding data validity, the study utilizes
Google Trends which serves as a proxy for public
interest rather than actual finalized transaction data.

To address these constraints, future research is
suggested to: (1) Explore multi-step architectures,
such as Encoder-Decoder LSTM, to enable medium-
term forecasting (7-30 days); and (2) Integrate
multivariate external variables, such as global gold
prices, inflation rates, or exchange rates to enrich the
context and enhance the robustness of the predictive
model.
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