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Abstract. Investors often consider BRI stock as one of the most attractive invest-

ment options, which makes it essential to develop reliable methods to forecast its price.
The AutoRegressive Integrated Moving Average (ARIMA) model has been widely used

to predict stock prices, but it has limitations due to its assumption of linearity. As an

alternative, Long Short-Term Memory (LSTM) models are better suited for capturing
both linear and non-linear patterns in time series data. This study explores the use of

an ARIMA-LSTM hybrid model to forecast BRI stock prices, combining the strengths

of both models. The hybrid approach involves splitting the data into two subsets for
training and testing. In the first model, 80% of the data is used for training and 20% for

testing, yielding an RMSE of 169.4864 and an MAPE of 0.0298%. The second model,

using a split of 90% training and 10% tests, demonstrates improved performance with an
RMSE of 169.0244 and an MAPE of 0.0297%. The results indicate that a higher propor-

tion of the training data leads to better accuracy compared to the split of the training
data 80%. Additionally, the model forecasts a continued upward trend in BRI’s stock

price for the next 60 periods, from October 31, 2022, to December 9, 2022, aligning with

the latest data trends. These findings suggest that the ARIMA-LSTM hybrid model,
especially when using 90% training data, is a highly effective approach for predicting
BRI stock prices.

Keywords: Forecasting, Hybrid ARIMA-LSTM, Stocks.

1. Introduction

Stocks are financial instruments that represent ownership or a stake in a company

and are a popular investment choice for both individuals and institutions [1] [2].

Based on data from the Indonesia Stock Exchange, Bank Rakyat Indonesia (BRI)
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shares are in demand among domestic and foreign investors due to their large mar-

ket capitalization and significant weighting in the IDX Composite and LQ45 in-

dices, where these market-cap-weighted indices are dominated by large-cap stocks.

BRI shares are highly liquid with high trading volume, so prices quickly reflect

information within the framework of the efficient market hypothesis. The focus on

SME financing demonstrates a direct link to the real economy in Indonesia, which

contributes significantly to GDP. Share price movements are sensitive to interest

rates, inflation, and economic growth, making them relevant as a proxy in predic-

tive models with exogenous variables. As a blue-chip stock, the time series data is

relatively stable and exhibits minimal anomalies. In April 2024, BRI’s stock price

is projected to reach 5,700 IDR per share, with a trading volume of 178,817,800

shares, reflecting significant investor interest.

Generally, stocks exhibit significant volatility, and their value is prone to fluctu-

ation in both upward and downward directions. The volatile nature of the market

makes it dynamic and difficult to predict, resulting in this predicament. Hence,

accurately predicting stock prices is a significant hurdle due to the substantial

volatility in a company’s stock value, which can cause financial losses for numerous

stakeholders in various sectors, including education, employment, technology and

the general economy [3][4].

Predicting stock prices is crucial for maximizing profits and minimizing the risk

of losses. Forecasting typically employs statistical approaches such as the ARIMA

model, which is effective at capturing linear patterns in time series data [5]. However,

long-term forecasting remains challenging due to the complexity and nonstationary

of the data. ARIMA models are also limited in capturing nonlinear patterns, which

can be demonstrated through nonlinearity tests or residual analysis; residuals that

still contain autocorrelation or nonlinear structures indicate that the patterns have

not been fully accommodated. Therefore, a nonlinear approach or hybrid model is

needed to improve prediction accuracy.

Recently, artificial intelligence-based time series forecasting has shown a

significant improvement in accuracy. This approach generally utilizes sequence

models such as Long Short-Term Memory (LSTM), a variant of Recurrent Neural

Networks (RNNs) that is effective for temporal data, including text and time series

[6]. LSTM excels at modeling nonlinear relationships through gating mechanisms

and is capable of capturing long-term dependencies via cell memory [7][8]. Con-

ceptually, ARIMA, LSTM, and hybrid models have distinct differences: ARIMA is

based on statistical assumptions to capture linear patterns such as autocorrelation

and trends; LSTM is based on data learning to model complex nonlinear patterns;

whereas hybrid models combine both to represent linear and nonlinear patterns si-

multaneously. However, in practice, using a single model such as LSTM alone may

not necessarily be able to capture both patterns in a balanced manner, potentially

increasing prediction errors and leading to underfitting or overfitting [9].

Dave et al. [10] state that ARIMA and LSTM have complementary strengths

and limitations. The ARIMA model is effective at capturing linear patterns but is

less capable of representing nonlinear relationships. Conversely, LSTM is capable

of modeling both linear and nonlinear patterns, but requires a longer training time
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and lacks established standards for determining optimal hyperparameters. There-

fore, this study integrates both models into a hybrid framework to optimize their

respective strengths while mitigating their limitations. The contributions of this

study include the application of the hybrid model to the BRI stock dataset, which

exhibits complex characteristics with a combination of linear and nonlinear patterns.

The methodological novelty is demonstrated through the integration strategy, where

the linear component is modeled first using ARIMA, and then the residuals con-

taining nonlinear patterns are processed using LSTM. This approach enables more

structured and comprehensive modeling compared to previous methods, and is thus

expected to produce more accurate and robust predictions than single models.

2. Related Work

ARIMA has been extensively utilized to predict and forecast time series data. In

their study, Dai and Chen [11] utilized the ARIMA model to predict population

data in Zhejiang Province from 2018 through 2022. Ewere and Eke [12] utilized the

ARIMA model to forecast infant mortality rates in Nigeria until 2030. They used

the United Nations’s Inter-Agency Group data for Childhood Mortality Estimation

(UN-IGME).

Subsequent studies conducted by other scholars have demonstrated that LSTM

models exhibit superior aptitude in accurately predicting long-term trends in time

series data. Elsaraiti and Merabet [13] performed a comparative investigation using

LSTM and ARIMA models for wind speed prediction. The analysis results demon-

strated that the LSTM approach exhibited superior accuracy to ARIMA. In their

study, Sirisha et al. [14] conducted a profit analysis on financial data by compar-

ing the performance of three models: ARIMA, Seasonal ARIMA (SARIMA), and

LSTM. The results demonstrated that the LSTM model surpassed other models,

with an accuracy rate of 97.01%.

Regrettably, the training procedure utilizing the LSTM model is time-

consuming and necessitates a substantial number of parameters to attain optimal

outcomes. Hybrid models, including ARIMA and LSTM, have demonstrated supe-

rior performance in diverse domains, particularly time series forecasting. An illustra-

tion of this is the study conducted by Jin et al. [15], which used the ARIMA-LSTM

hybrid model to forecast COVID-19 data.

Farouk et al. [16] forecast stock prices using the ARIMA-LSTM hybrid model.

The hybrid model’s prediction results are derived from aggregating the outcomes of

a superior single approach, surpassing both the ARIMA and LSTM single models.

This study employs a novel methodology combining predicted outcomes from

linear models (ARIMA) with nonlinear models (LSTM). The methodology consists

of three distinct stages: (a) utilizing the ARIMA model for forecasting, (b) mod-

elling the residuals acquired from the ARIMA model using the LSTM model, and

(c) combining the forecasts generated from both the ARIMA and LSTM models

through a hybrid technique. Therefore, modelling linear and nonlinear patterns in

data can be enhanced and more effective. This study aims to construct a hybrid

ARIMA-LSTM model for predicting the closing price of Bank BRI’s stock for the
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upcoming 60 periods. The acquired forecasting findings are anticipated to assist

investors in making investment decisions regarding BRI Bank stock.

3. Methodology

3.1. Data

The study uses secondary data obtained from the website https://finance.

yahoo.com, specifically a time series of daily BRI stock prices for the period from

January 2017 to October 2022. The dataset includes six variables: opening price,

high price, low price, closing price, adjusted closing price, and volume. However, the

analysis focuses on the closing price variable, as it represents the final price that

has accommodated all market information within a single trading period. Further-

more, the selection of this variable aligns with the univariate nature of the ARIMA

model; thus, the use of a single primary variable is considered more appropriate,

simpler, and capable of reducing the complexity of other variables that tend to be

redundant.

3.2. Time Series Forecasting

A time series is a compilation of past data that illustrates the progression of a

phenomenon throughout time. The period in question may vary from hours to

years. Time series forecasting is predicting the future values of a time series. This

prediction helps make informed decisions based on the forecasted results [17]. Time

series forecasting models are categorized based on the number of variables they

utilize. There are two distinct categories: univariate time series models, which solely

utilize a single variable, and multivariate time series models, which employ multiple

variables [18].

3.3. Autoregressive Integrated Moving Average (ARIMA)

The study utilized univariate time series data for analysis. The ARIMA model is

a traditional statistical tool for analyzing univariate time series data. The ARIMA

model is a composite of Autoregressive (AR) and Moving Average (MA) models

and is most suitable for modelling univariate time series data [19]. Geurts et al. [20]

study popularized this particular model. The ARIMA model can be mathematically

expressed as Equation 3.1:

ϕp(B)(1−B)dYt = θq(B)εt, (3.1)

where ϕp(B) represents the parameter of the autoregressive (AR) process, whereas

θq(B) represents the parameter of the moving average (MA) process.

The estimation of the ARIMA model parameters involves three key steps. First,

the values of p, d, and q are determined during the model identification phase,

typically using diagnostic tools such as the Autocorrelation Function (ACF) and

Partial Autocorrelation Function (PACF). Next, the parameters of the AR and MA

components are estimated using statistical techniques such as Maximum Likelihood

Estimation (MLE) or the Least Squares method. Finally, diagnostic checks are

performed to ensure the model’s adequacy, where the residuals et are evaluated to
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confirm that they resemble white noise. These steps ensure that the ARIMA model

is appropriately fitted and capable of providing reliable forecasts for univariate time

series data.

3.4. Long Short-Term Memory (LSTM)

The LSTM model is a recurrent neural network that incorporates multiple gates

to create a network of memory blocks. That allows the model to effectively process

data, retain information over extended periods, and address the vanishing gradients

that often occur when analyzing long-term dependencies [21][22]. Generally, the gate

being referred to comprises input gates, forget gates, and output gates [23].

(1) Forget Gate (ft): The forget gate determines which information will be retained

in the cell state. It receives the input from the previous hidden state (ht−1) and

the current input (xt), and outputs a value between 0 and 1, dictating whether

to keep or discard the information from Ct−1. The forget gate is represented

mathematically as:

ft = σ(Wf · [ht−1, xt] + bf ), (3.2)

where σ denotes the sigmoid activation function, and Wf and bf represent the

weights and biases for the forget gate, respectively.

(2) Input Gate (it): The input gate controls the information to be added to the

cell state. It consists of two activation functions: the sigmoid function, which

determines which values will be updated, and the tanh function, which generates

the candidate new cell state vector C ′
t. The mathematical expressions for the

input gate and the candidate cell state are:

it = σ(Wi · [ht−1, xt] + bi), (3.3)

C ′
t = tanh(WC · [ht−1, xt] + bC), (3.4)

where tanh represents the hyperbolic tangent activation function, and WC and

bC are the weights and biases for the cell state candidate.

(3) Cell State Update: The cell state Ct is updated by multiplying the previous

cell state Ct−1 by ft to forget old information, and adding the result of the

input gate, which is multiplied by the candidate cell state C ′
t. This process is

represented as:

Ct = ft · Ct−1 + it · C ′
t. (3.5)

(4) Output Gate (ot): The output gate decides which part of the cell state will be

output. The sigmoid activation function is used to select the relevant portion

of the cell state, which is then passed through the tanh function and multiplied

by the output gate. The equations for the output gate and the final output ht

are:

ot = σ(Wo · [ht−1, xt] + bo), (3.6)

ht = tanh(Ct) · ot, (3.7)

where Wo and bo are the weights and biases for the output gate, respectively.
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3.5. Hyperparameter Tuning

Hyperparameter tuning is crucial in constructing an optimal prediction model archi-

tecture by selecting the most suitable hyperparameter configurations. Optimizing

hyperparameters can be a laborious process, mainly when there are a large num-

ber of parameters that require adjustment [24]. This study’s variables that require

modification are the number of neurons, epoch duration, and batch size.

3.6. Hybrid ARIMA-LSTM

The ARIMA-LSTM hybrid model combines the ARIMA and LSTM models, lever-

aging the strengths of each model based on their respective specializations. ARIMA

is utilized to address the linear aspects of data, whilst LSTM is employed to ad-

dress the nonlinear aspects of data. The integration of time series models with

linear and nonlinear autocorrelation patterns can be mathematically represented.

That assumes that the linear and nonlinear forecasted values can be combined to

produce an overall output, representing the forecasting process’s outcome [25].

yt = Lt +Nt, (3.8)

with:

yt : T − th period data,

Lt : linear component,

Nt : nonlinear component.

The hybrid model begins by applying the ARIMA method to identify and forecast

the linear component Lt. ARIMA is well-suited for this task as it models linear

relationships through its AR, differencing (I), and MA processes. Once the ARIMA

model generates a forecast for the linear component, denoted as L̂t, the residuals et
are calculated by subtracting L̂t from the original data yt. These residuals, defined

as:

et = yt − L̂t,

primarily represent the nonlinear patterns and noise that ARIMA is unable to

capture.

The next step is to feed the residuals into the LSTM model to capture the

remaining nonlinear patterns in the time-series data. This process requires careful

preprocessing due to the differences in characteristics between the ARIMA and

LSTM models. The initial step involves identifying significant lags in the residuals

through ACF and PACF analysis, thereby determining the extent to which temporal

dependence persists after ARIMA modeling.

The analysis results indicate the presence of significant lags up to the p lag

(e.g., lag 1 through lag k), indicating that the residuals are not yet fully white noise

and still contain patterns not captured by ARIMA. This finding forms the basis

for using LSTM to model the remaining nonlinear components. Based on this, the

input sequence length for the LSTM is set to p, which is the number of significant

lags identified. Each input to the LSTM is organized as a sequence of residuals at
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times t−1, t−2, · · · , t−p, with the target output being the residual at time t. This

approach allows the LSTM to capture the remaining temporal dependencies more

optimally, thereby improving the prediction accuracy of the hybrid model.

Given that LSTMs are sensitive to the scale of input data, the residuals are

also normalized to ensure consistent ranges across features. Normalization, such as

Min-Max scaling or standardization, ensures that the input data remain suitable for

training the LSTM, preventing issues such as exploding or vanishing gradients. The

prepared sequences are then divided into training and testing datasets to validate

the performance of the LSTM model and ensure it generalizes well to unseen data.

The LSTM model processes the residuals and generates a forecast for the

nonlinear component, denoted as N̂t. By focusing on the residuals, the LSTM ef-

fectively isolates the nonlinear dynamics of the time series that are not addressed

by ARIMA.

Finally, the forecasts from the ARIMA and LSTM models are combined to

produce the overall forecast for the time series. Mathematically, the final prediction

yt is expressed as:

yt = L̂t + N̂t.

This integration ensures that the linear patterns are captured by ARIMA, while

the nonlinear aspects are modeled by LSTM, resulting in a more accurate and

comprehensive forecast compared to using either model independently. This hybrid

approach leverages the strengths of both ARIMA and LSTM, with ARIMA ad-

dressing the linear dependencies and LSTM capturing the nonlinear complexities,

thereby providing a robust solution for time series forecasting.

3.7. Model Evaluation

The precise choice of performance criteria is crucial for evaluating the model [26].

Soy Temür and Yıldız [27] propose that the evaluation of forecasting models can be

accomplished by utilizing two accuracy criteria, specifically:

(a) Mean Absolute Percentage Error (MAPE)

Kim and Kim [28] identified one evaluation metric extensively utilized because

of its scale independence and interpretability benefits. MAPE, also known as

Mean Absolute Percentage Error, is a metric used to quantify the accuracy of

a forecast. Calculated by finding the average percentage difference between the

predicted and actual numbers. The formulation denotes as Equation 3.9:

MAPE =

∑n
t=1

|Yt−Ŷt|
Yt

n

× 100%. (3.9)

(b) Root Mean Square Error (RMSE)

RMSE, short for Root Mean Square Error, is calculated by taking the square

root of the total squared differences between the actual and forecast values.

Then, this result is divided by the number of data points. The mathematical
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description is Equation 3.10:

RMSE =

√∑n
t=1(Yt − Ŷt)2

n
. (3.10)

4. Results

4.1. Data Visualization

The graph shows the fluctuations in the BRI’s stock price from January 2017 to

October 2022. Figure 1 illustrates the volatility of closing prices over time, while

also showing some missing data. Quantitatively, the proportion of missing data is

relatively small (less than 5% of the total observation), so it does not disrupt the

main pattern of the time series; however, it still needs to be addressed to prevent

it from affecting the analysis results.

To address this, the linear interpolation imputation method was used because

it maintains temporal continuity and follows the local pattern of data changes.

This method is considered more appropriate than replacement with the median,

especially for dynamic financial data, as it utilizes information from the values

before and after the missing data, thereby producing estimates that are more logical

and consistent with the data movement.

Figure. 1: Historical Closing Price of BRI Stock

4.2. Stationary Test

The p-value obtained from the Augmented Dickey–Fuller (ADF) test was 0.159,

whereas the significance level employed in this study was 5%. Since the p-value

exceeded the significance level α, the null hypothesis H0 could not be rejected, indi-

cating that the data were non-stationary and required first-order differencing. After

the differencing process was applied, the resulting p-value became lower than the

significance level α. Consequently, the null hypothesis H0 was rejected, indicating

that the differenced data were stationary. Therefore, the differencing parameter in

the ARIMA model, denoted as d, was determined to be 1, indicating that only a

single differencing process was required to achieve stationarity.
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4.3. Model Identification

Subsequently, the model will be determined by examining the ACF and PACF plots

in Figure 2.

Figure. 2: ACF and PACF Plot

Based on the ACF and PACF plots, it can be seen that the second and third

lags exceed the significance threshold, indicating the presence of autocorrelation at

those lags. In the Box–Jenkins approach, significant spikes in the ACF are used as

an indication of candidate Moving Average (MA) orders (q), while spikes in the

PACF indicate candidate Autoregressive (AR) orders (p). Additionally, the cut-off

and tailing patterns in both plots help distinguish the AR and MA components

more clearly.

The findings of significance at the second and third lags are then used as the

basis for determining the candidate model parameters. Therefore, the search space

is focused on p ∈ {0, 2, 3} and q ∈ {0, 2, 3}, with d = 1 based on the results of the

differencing process to achieve stationarity.

4.4. Estimation of Model Parameters and Diagnostic Testing of

the Model

Among the options obtained for the ARIMA(p,d,q) model, the ARIMA (0,1,2)

satisfies the assumptions of significant parameters and residual white noise and

has the lowest AIC value. The ARIMA(0,1,2) model will be utilized for making

predictions.

4.5. ARIMA Prediction

Figure 3 demonstrates that the forecasted outcomes produced by the ARIMA(0,1,2)

model closely align with the actual data pattern. The effectiveness of the

ARIMA(0,1,2) model is evident from the obtained MAPE and RMSE values. The

root mean square error (RMSE) value obtained is 73.7809, and the mean absolute

percentage error (MAPE) value, which represents the absolute value of the resid-

ual percentage of data compared to the average, is 0.0141 percent. Therefore, the

accuracy achieved by the ARIMA approach is 99.9859 percent. Therefore, it can

be inferred that the ARIMA model with parameters (0,1,2) is highly effective in

forecasting the closing price of the BRI stock.
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Figure. 3: Comparative Plot of Actual Data vs ARIMA Predictions

4.6. ARIMA Forecasting

Figure 4 indicates that the forecasting results generated by the ARIMA(0,1,2) model

exhibit a strong correspondence with the observed data pattern. The reliability of

the ARIMA(0,1,2) approach is reflected in the resulting RMSE and MAPE metrics.

The model achieved an RMSE value of 170.3508, while the MAPE value, represent-

ing the average absolute percentage deviation between predicted and actual values,

reached 0.0305%. These results correspond to a forecasting accuracy of 99.9695%.

Accordingly, the ARIMA(0,1,2) model can be considered highly capable of predict-

ing the closing prices of tBRI stock.

Figure. 4: Comparative Plot of Actual Data, Update Data, ARIMA Predictions,

and ARIMA Forecasting

4.7. Residual ARIMA

Figure 5 depicts a graphical representation of the residual value obtained from the

ARIMA model. The Residuals are derived by subtracting the predicted data from

the actual data. The ARIMA residual value will be utilized as an input in the LSTM

model and a nonlinear element in the hybrid model.



284 Kurniasari, et al.

Figure. 5: Residual Plot

4.8. Hybrid ARIMA-LSTM Process

The initial stage in implementing the ARIMA-LSTM hybrid process involves par-

titioning the ARIMA prediction data and ARIMA residuals into separate sets for

training and testing purposes. The data distribution for this study consists of 80%

training data and 20% testing data, as well as 90% training data and 10% testing

data. Following data sharing, the subsequent stage involves data transformation

using a min-max scaler. That is necessary due to the comprehensive ARIMA pre-

diction and residual data range.

The LSTM models were built with two hidden layers and one output layer.

The LSTM model used ARIMA residual results as input. The use of residuals

focuses on modeling error components that still contain pattern information. With

this approach, linear patterns are modeled by ARIMA and nonlinear patterns are

refined by LSTM more effectively.

The variables analyzed include the number of neurons in the hidden layer, the

number of epochs, and the batch size. The hidden layer uses 64 and 128 neurons,

with 100 epochs and batch sizes of 16, and 32. The parameter combinations were

obtained through a hyperparameter tuning process. The results of the optimal com-

binations, the prediction evaluation for the LSTM model, and the prediction evalu-

ation for the ARIMA-LSTM model are presented in Table 1, Table 2, and Table 3,

while the LSTM and Hybrid ARIMA-LSTM model prediction evaluation are shown

in Figure 6 through Figure 9.

Table 1: Hyperparameter tuning of the first LSTM model

Data Splitting LSTM Unit Batch Size Dropout Epoch

80:20 64 32 0.1 100

90:10 64 32 0.1 100
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Table 2: LSTM Prediction Model Evaluation

Metrics First Scheme (80:20) Second Scheme (90:10)

RMSE 72.9708 61.5799

MAPE 1.2543 1.1746

Accuracy 98.7457% 98.8254%

Table 3: Hybrid ARIMA-LSTM Prediction Model Evaluation

Metrics First Scheme (80:20) Second Scheme (90:10)

RMSE 72.9708 61.5799

MAPE 0.0120 0.0108

Accuracy 99.9880% 99.9892%

Figure. 6: LSTM Model Prediction Plot for First Scheme

4.9. Model Hybrid ARIMA-LSTM Forecasting Results

Upon assessing the model, it has been determined that the developed model exhibits

a commendable level of accuracy. Consequently, the subsequent task entails predict-

ing the outcomes for the upcoming 30 periods, specifically from October 31, 2022,

to December 9, 2022. The forecasting process utilizes the most recent 60 historical

data points of BRI stock’s closing price to generate predictions for the upcoming

period. The forecasting evaluation for the LSTM and hybrid ARIMA-LSTM model

Figure. 7: LSTM Model Prediction Plot for Second Scheme
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Figure. 8: Hybrid ARIMA-LSTM Model Prediction Plot for First Scheme

Figure. 9: Hybrid ARIMA-LSTM Model Prediction Plot for Second Scheme

are presented in Table 4 and Table 5, while the differences in forecasting results

achieved by utilizing the LSTM model and the ARIMA-LSTM hybrid model are

shown in Figure 10 to Figure 13.

Table 4: LSTM Model Forecasting Evaluation

Metrics First Scheme (80:20) Second Scheme (90:10)

RMSE 176.3081 173.2573

MAPE 1.1088 1.0450

Accuracy 98.8912% 98.9550%

Table 5: Hybrid ARIMA-LSTM Model Forecasting Evaluation

Metrics First Scheme (80:20) Second Scheme (90:10)

RMSE 169.4864 169.0204

MAPE 0.0298 0.0297

Accuracy 99.9703% 99.9702%

5. Conclusion

The ARIMA–LSTM hybrid approach is recommended for forecasting the closing

price of Bank Rakyat Indonesia shares because it yields relatively low RMSE and

MAPE values. With an 80% training and 20% testing data split, the model produced
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Figure. 10: LSTM Model Forecasting Plot for First Scheme

Figure. 11: LSTM Model Forecasting Plot for Second Scheme

Figure. 12: Hybrid ARIMA-LSTM Model Forecasting Plot for First Scheme

an RMSE of 169.4865 and a MAPE of 0.0298%, while with a 90% training and 10%

testing split, an RMSE of 169.0204 and a MAPE of 0.0297% were obtained. These

results indicate that the 90:10 split yields a higher level of accuracy.

However, under certain conditions, the ARIMA model can produce a smaller

RMSE compared to the hybrid model. This is due to the ARIMA model’s predic-

tive characteristics, which tend to be smoother and more stable in following linear

trends, resulting in a relatively small deviation from the actual data. Conversely,
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Figure. 13: Hybrid ARIMA-LSTM Model Forecasting Plot for Second Scheme

the hybrid model involving LSTM produces more fluctuating prediction patterns

as it attempts to capture complex nonlinear dynamics. These fluctuations enhance

the model’s ability to represent data patterns more.
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