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Abstract - Stock price forecasting with a uniform approach is a challenging process due to nonlinearity, regime changes, and
seasonality. The following paper would like to address the practical problem of selecting an appropriate model through comparing
three widely used models such as Auto Regressive Integrated Moving Average (ARIMA), Long Short-Term Memory (LSTM),
and Prophet based on how they are applied to different attributes of data and forecast-related tasks. The structured direct comparison
will be our proposal, as to be able to identify the strengths and shortcomings in abiding by each model. Each of the model is
methodologically trained and tested on the same data stock price series and parameterized by the time of standard errors: Mean
Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE) and the Mean Absolute Percent Error
(MAPE). Experimental design is founded on the canonical setups and reasonable hyperparameters to an algorithm and the results
are measured based on the hold-out samples, which have volatile intervals. The results show that under the conditions of intricate
dynamics and large volatility, LSTM delivers the greatest general results with MAE =277.50, MSE = 165,244.61, RMSE = 406.50
and MAPE =3.09%. ARIMA performs well on stable, approximately linear and stationary segments but struggles with nonlinearity
and long-term dependencies. Prophet is effective when strong seasonal patterns are present and is robust to missing values and
outliers. We conclude that ARIMA suits stable series, LSTM is preferable for complex and rapidly changing markets, and Prophet
is advantageous under pronounced seasonality. These findings offer practical guidance for model selection aligned with data
properties and forecasting goals.
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1. INTRODUCTION

One of the biggest problems in finance is predicting stock prices. This is because prices change a lot and are affected
by many outside and inside factors that are hard to predict. Many different ways have been created to try to predict
stock prices, from technical and fundamental analysis to methods that use artificial intelligence. Time series
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forecasting is one of the most common ways to model and predict stock prices. It uses past data to guess how prices
will move in the future [1]-[3].

There are a number of algorithms that can be used to predict stock prices, such as Auto Regressive Integrated Moving
Average (ARIMA), Long Short-Term Memory (LSTM), and Prophet. ARIMA is a classic method for predicting time
series data. It's often used to predict stock prices because it's easy to use and can handle linear data [4]. But ARIMA
can't handle nonlinear data or the market's complicated dynamics very well [5]-[7]. ARIMA uses patterns and trends
in stationarized historical time-series data to model stock prices. It then uses the estimated model to predict future
prices. This method lets investors and analysts use structured and systematic time-series data [8]-[10] to predict short-
term changes in the stock market.

LSTM, a kind of neural network used in deep learning, has shown that it can predict time series data very well by
finding long-term and nonlinear patterns in the data [11]-[13]. LSTM is particularly suitable for use with data that has
long-term dependencies, such as stock prices, which are often influenced by external factors requiring an
understanding of context over long periods [14]. LSTM networks process stock-market data as time-ordered sequences,
using memory cells and three gates (input, forget, and output) that learn to retain or discard information, enabling the
model to capture nonlinear patterns and long-term dependencies while mitigating the vanishing-gradient problem [11],
[15],[16].

Prophet, developed by Facebook, is a forecasting method designed to handle time series with clear seasonality and
nonlinear trends [17]. This method offers flexibility in handling data with seasonal patterns and special events that
affect stock prices. Prophet models stock series as the sum of a trend (piecewise linear/logistic with automatic
changepoints), seasonality (weekly/annual/daily via Fourier terms), event effects (earnings, ex-dividend, rate
decisions, holidays), and noise [18], [19].

ARIMA was used on stationary, linear and one season series because it is easy to understand whereas uncertainty was
calibrated [16]. Prophet has been chosen when there are over one seasonal pattern, structural breaks or known events
to us because its trend-seasonality-holiday structure can be decomposed [20]. The use of LSTM models happened
when the dynamics of the residual were nonlinear or temporal characteristics were correlated at longer distances [21].
This step-by-step process, which had undergone the classical models up to the deep-learning models, guaranteed that
the two approach fulfilled the statistical properties of the data, in addition, to addressing an objective with regards to
clear inference, and long-term forecasting.

Nevertheless, regardless of the pros and cons of both algorithms, there is too much evidence lacking direct discussions
of how they are effective or not in predicting stock prices. In an endeavour to provide a more detailed insight on the
effectiveness of each algorithm in the volatile stock market environment, this paper will seek to compare the ARIMA,
LSTM and Prophet algorithms in terms of their accuracy and predictive ability in stock pricing.

2. LITERATURE REVIEW

During the last years, comparisons between various time series forecasting models, such as ARIMA, LSTM, and the
Prophet, have attracted the attention of people in a wide range of areas, including finance. Each of the models has
advantages and disadvantages that can develop them as more or less productive by the data and by the case.

The most popular and the best are the ARIMA methods used to predict the time series. The results are easier to
comprehend. The model can use its Autoregressive (AR) and moving-average terms to determine the trend and
seasonal variations in the data. There are several studies where ARIMA outperformed more complicated models [9],
[10], [20], [21]. For example, Ahammad et al. [22] showed that ARIMA produced the lowest RMSE and MAE values
for stock market forecasting compared to LSTM and in emergency health department indicator forecasting, ARIMA
was a strong competitor to the Prophet [23].

LSTM networks possess the ability to discern intricate patterns and nonlinear relations within the data. It is most
preferred when the data is in large volumes and shows a long-term dependency. For example, Masum et al. [24]
showed that an LSTM model outperformed an ARIMA model for multi-step electricity load forecasting but may need
more training time and computational requirements [25]. Maulenkul et al. [26] demonstrated that LSTM produced
smoother and more stable long-term forecasts than ARIMA and Prophet, whereas ARIMA and Prophet exhibited
greater sensitivity to short-term fluctuations in time-series data.
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Prophet is made to work with time series data exhibiting pronounced seasonal changes. It is easy to use, and it can
consider the holidays or events that affect the forecast. Menculini et al. [27] found that although Prophet is fast and
easy to implement, it is less accurate than ARIMA and LSTM models, but other studies indicated the Prophet model
surpassed the ARIMA and LSTM models for long-term electricity load forecasting with the lowest error [18], [28].
Fattouh et al. [29] demonstrated that the Prophet forecasting model achieved high predictive accuracy for hospital bed
occupancy, with MAPE values ranging from 3.21% to 3.53% across forecasting horizons of 30—180 days, while
incorporating holiday effects and COVID-19 indicators as external factors.

The comparative performance of these models depends on the characteristics of the data. Chen et al. showed that
although the LSTM model produced the most accurate results when predicting dengue cases with climate data, the
Prophet model was best suited for long-term forecasting [19]. That means the model selection may depend on the
forecasting task and data characteristics. While ARIMA is still a golden standard for time series forecasting, the LSTM
model is suitable for capturing the complex patterns and dependencies, and the Prophet model is easy to use when
dealing with seasonal data. Therefore, model selection depends on the forecasting tasks' characteristics, computational
resources, and the required accuracy.

3. RESEARCH METHODOLOGY
3.1 Data Collection

The data used is the Indonesian Stock Price All Time dataset [30]. This dataset consists of historical trading data for
926 listed companies on the Indonesia Stock Exchange (IDX) as of May 25, 2024. Each file in the dataset denotes a
singular issuer, with information obtained from Yahoo Finance.

3.2 Data Preprocessing

This stage is performed to check for any missing data (missing values) or Null values. Missing data would be replaced
with the mean or median values. If this data is left unchanged, it could interfere with the modeling process. After the
preprocessing stage, the dataset is divided into training and testing sets using an 80:20 ratio. The first 80% of the
observations are used as the training data to develop and fit the model, while the remaining 20% are used as the testing
data to evaluate the model's forecasting performance on unseen data. Since the dataset consists of time-series stock
price data, the data are divided chronologically without random shuffling in order to preserve the temporal sequence
and prevent information leakage from future observations into the training process.

3.3 Model Creation
3.3.1 ARIMA Model

The ARIMA model has three parameters that can be seen in the decomposition graph and the plotting of the ACF and
PACEF graphs, which are p (order of autoregression): This is used to determine the necessary lag variables; d (order
of integration): This is used to determine the number of differences; and q (order of moving average): This is used to
determine the window size for the Moving Average (MA). The ARIMA model is divided into 3 groups: the AR model
in (1), Integration (I) in (2), MA in (3), and the combined ARIMA model (see Equations (1) to (3)).

e AR
Xe= W+ 01 Xe g + 02 Xe o+ + 0 X t e (1)
Where:
u' = constant
@, = AR parameter of p
e, = error value at time t

Zy = Xy — X4 2
Where:
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X; = current data value
X;_, = past data value

e MA
Xe=p' +e —Prep g —0Brerp— - — Dglr 3)
Where:
' = constant
@, to @, are the parameter of moving average
e;_y = error value at time t — k

3.3.2 LSTM Model

The LSTM model is employed for forecasting time series data and is specifically engineered to handle sequential
information. This model requires consideration of several criteria, including the quantity of hidden layers and suitable
input hyperparameters. This model's architecture comprises three layers: the input layer, the hidden layer, and the
output layer.

The stages in the LSTM model process are shown in the following Equations (4) to (9).

o Forget gate ( f;)

fe= O'(Wf- [he—1,xe] + bf) “4)
Where:
f: =forget gate h;_1 = hidden state cell value
o = sigmoid activation function X; = input value
Wy = weight of forget gate by = bias of forget gate
o [nput gate (i;)
_ ir = oW [he—q, ] + by) (5)
C; = tanh(W,. [he_y, %] + b.) (6)
Where:
i, = input gate C, = hidden state cell value
o = sigmoid activation function tanh = tanh activation function
W, = weight of input gate W, = weight of candidate gate
b; = bias of input gate b. = bias of candidate gate
o Cell state (c;)
ce = (ie.Ce + frocen) (7)
Where:
c; = cell gate fi = forget gate
i; = input gate Cy_1 = previous cell state value
C, = candidate gate
e Qutput gate (0;)
0 = a(Wy. [he—1, %] + b,) (3)
h; = oq. tanh(c;) 9)
Where:
0; = output gate h;_4 = hidden state value
o = sigmoid activation function ¢, = cell gate
W, = weight of output gate b, = bias of output gate
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3.3.3 Prophet Model

Facebook has developed the model named Prophet that is involved in prediction. This model is based on an additive
model and nonline of trend in which predictions are made based on the yearly, weekly, daily, and holiday seasons.
The model works quite well in the analysis of time series data whose seasonal pattern is multiple and rather acceptable
examines missing values and outliers. The Prophet model works in the following Equations (10) to (13).

Yoy = 9ot 5w the +ew (10)
Where:
Y = predicted value
9q) = piecewise linear or logistic growth curve for modelling non-periodic changes in time
series.
S = periodic changes.
h() = holiday effects with irregular schedules.
€y = errors in the time series.

c
N 1

9O = T¥ exp(—k(t — m)) (11)
Where:
C = Carry capacity
k = Growth rate
m = Offset parameter

N
2nnt . 2nnt
Sy = Z anCOS( P )+ bnSln (T) (12)
n=1

Where:
P = time period

he = [1(teDy,...,t e D]k (13)

Where:

D = set of past and future holiday dates

t = time during the holiday

k = change in holiday days during prediction

3.4 Model Performance Comparison

This step compares the ARIMA, LSTM, and Prophet models. The Mean Absolute Error (MAE), Mean Squared
Error (MSE), Root Mean Squared Error (RMSE) and the Mean Absolute Percent Error (MAPE) are the
performance measures of these models.

o  MAE =the mean of the values of error numbers between the actual numbers and the predicted numbers.
The forecasts would be more appropriate because the value of MAE is less-see Equation (14).

e MSE = the average of the squared dispersion between the factual value and the forecasted value. The
estimates would be more accurate as the value of MSE decreases with less observed Equation (15).

e RMSE is the square root of the mean squared deviations between the actual values of the data and the
values that are predicted. The value of RMSE would be less and hence the predictions would be more
accurate-see Equation (16).

e MAPE is the average value of the percentage differences between the predicted results and the actual
data values. The predictions would be more accurate as the MAPE value gets smaller-see Equation (17).
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v _ 1w 2 1 ) 1000 (Y-
mas =2 -l wse= 1Y -ny ewse= DY ony =S (T
N4 N4 n i=1 :
i=1 i=1 i=1
(14) (15) (16) (7
Where:

n = number of data sample
Y; = actual value
Y; = predicted value

4. RESULTS AND DISCUSSIONS
4.1 Data Description

The data used is the Indonesian Stock Price All Time dataset [30]. This dataset consists of historical stock data for a
company with the stock code AALI, referring to Astra Agro Lestari. The dataset contains 7 columns with a total of
5763 rows of data (see Table 1). The data columns contain the following information:

e Date: Transaction date (data type: Time).

e  Open: Stock opening price (data type: Numeric).

e High: Stock's highest price (data type: Numeric).

Low: Stock's lowest price (data type: Numeric).

Close: Stock closing price (data type: Numeric).

Adj Close: Adjusted closing price based on certain factors (data type: Numeric).
Volume: The volume of stocks traded on that day (data type: Numeric).

Table 1. Sample of AALI Stock Historical Data

Date Open High Low Close Adj Close | Volume
2001-04-05 | 571.710632 | 571.710632 | 547.889343 | 547.889343 | 248.808212 | 57721
2001-04-06 | 547.889343 | 547.889343 | 547.889343 | 547.889343 | 248.808212 | 83433
2001-04-09 | 547.889343 | 547.889343 | 547.889343 | 547.889343 | 248.808212 | 10494
2024-05-20 6125.0 6225.0 6125.0 6200.0 6200.0 513700
2024-05-21 6200.0 6225.0 6100.0 6100.0 6100.0 505200
2024-05-22 6150.0 6175.0 6075.0 6175.0 6175.0 474100

Figure 1. AALI Stock Data Visualizationshows the price of closing stock AALI from the early 2000s until 2024. The
x-axis shows the dates, while the y-axis shows the price of the stock. There are several peaks from the first year until
the most recent year. There is one peak that is quite sharp, around 2008. This peak was certainly caused by a significant
event. The price of stocks has decreased since the 2010s. The price of AALI’s stock is similar to the consolidation
pattern.

4.2 Data Preprocessing

This step is performed to check for any missing data (missing values) or Null values. Missing data would be replaced
with the mean or median values. The missing data verification is performed using Python code as shown in Figure 2.
The results from running the code (see Figure 3) show that there is no missing data in any of the columns, allowing
this data to be used for further analysis. It is also important to note that for the purpose of stock price forecasting
analysis over a specific period, only the Close column is used.
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Figure 1. AALI Stock Data Visualization
import pandas as pd Missing Values Summary:
Date 0
# Load the dataset Open 0
. o ) . . High 0
file_path = '"AALI_historical_data.csv
L 0
data = pd.read_csv(file_path) o
Close 0
) Adj Close 0
# Check for missing values Volume 0
missing_values = data.isnull().sum() dtype: inté4
# Display the result of missing L'f{-‘_L‘?Sl Missing Values Percentage:
print("Missing Values Summary:") Date 0.8
print(missing_values) Open 0.0
High 0.0
s . fe - . P ) N Low 0.0
# Optionally, display the percentage of missing values
o ) ) ) : Close 0.0
missing_percentage = (missing_values / data.shape[0]) * 100 Adj Close 0.0
print("\nMissing Values Percentage:") Volume 0.0
print(missing_percentage) dtype: floatés
Figure 2. Python Code for Checking Missing Values in Data Figure 3. Program Code Execution Result

4.3 Model Creation
4.3.1 ARIMA Model

The first stage in constructing the ARIMA model is to ascertain the stationarity of the data. This analysis adheres to
the notable alpha threshold of 0.05 [31]. If the data is not stationary, differencing is required. The inspection is
performed using the Augmented Dickey-Fuller (ADF) test, and the results can be seen in Table 2. Based on the ADF
test results, the p-value is greater than the alpha value, so the data needs to be differenced. The different data can be
seen in Figure 4.

The ARIMA model has three parameters: p (order of autoregression), which is used to determine the required lag
variables; d (order of integration), which is used to determine the number of differencing; and q (order of moving
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average), which is used to determine the window size for MA. To determine the value of each parameter, the
pmdarima library is used in the Python programming language (see Figure 5).

Data After Differencing

3000

2000

1000

Closing Price
(e

1000+

-2000+

-3000-

2004 2008 2012 2016 2020 2024
Date

Figure 4. Stock Data After Differencing

Table 2. ADF Test Results

ADF Statistic | P-Value | Symbol | Alpha
-2.0543 0.2633 > 0.05

import pmdarima as pm

Figure 5. Import Library Pmdarima

The use of this library to determine the automatic ARIMA model can be seen in Figure 6. The code
pm.auto_arima(close_data, seasonal=False, stepwise=True, trace=True) uses the auto_arima function from the
pmdarima library to automatically select the best ARIMA model based on the provided close_data (which contains
stock closing prices). The parameter seasonal=False indicates that the data does not have a seasonal component, while
stepwise=True enables stepwise search to efficiently select the best parameter combination (p, d, q). The trace=True
setting allows the process of searching and evaluating parameters during model selection to be displayed. This function
will search for the optimal parameters using criteria such as AIC or BIC and produce the best ARIMA model for the
given data, without the need for manual parameter determination.

model = pm.auto_arima (close data,
seasonal=False,
stepwise=True,
trace=True)

Figure 6. Examples of using the Pmdarima Library

Figure 7 shows the results of the search and evaluation of the optimal parameters for this study. The SARIMAX model
displayed in this output has the ARIMA (5, 1, 3) parameters, with an AIC of 67960.889 and a BIC of 68018.812,
which are used to evaluate the model fit. The AR coefficients for lags 1, 2, and 3 are all significant, with very small
p-values, indicating a strong influence of past values on the model. The MA (Moving Average) coefficients for the
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five lags are also significant; although the coefficients for lags 4 and 5 are smaller, they still contribute to the model’s
predictions. The sigma?2 result of 1.458e+05 indicates the variance of the residuals (prediction errors). The LjungBox
test indicates the residual value to be autocorrelated and Jarque Berra test indicates that the model values are not
normally distributed which would be a weakness to the validity of the model. Nevertheless, the test of
heteroskedasticity does not indicate anything concerning non- constant residual variance. Generally, this model is
applicable to the data, but the problem of non-normal residual distribution should be discussed more. In this study
though no further analysis would be done to correct the problem of non-normal residual values, since it does not form
the subject of the study.

SARIMAX Results
Dep. Variable: Y No. Observations: 4611
Model: SARIMAX(S5, 1, 3) Log Likelihood -33971.444
Date: Sun, 27 Jul 2825 AIC 67960.88%
Time: D4:46:52 BIC 68018.812
Sample: L] HQIC 67981.274
- 4611

Covariance Type: opg

coef std err z P>|z| [B6.825 8.975]
ar.L1 0.9730 0.853 18.267 0.0080 0.869 1.877
ar.L2 0.3543 0.096 3.698 0.000 0.167 0.542
ar.L3 -0.8769 0.060 -14.682 0.0080 -0.994 -B.760
ar.L4 0.1407 0.013 11.021 0.000 0.116 D0.166
ar.L5 -0.0467 0.010 -4.608 0.0080 -0.067 -0.027
ma.Ll -0.8602 0.053 -16.287 0.000 -0.964 -0.757
ma.L2 -0.4615 0.0891 -5.094 0.0080 -0.639 -D.284
ma.L3 0.8066 0.053 15.130 0.000 0.702 0.911
sigma2 1.47%9e+05 1419.528 1084.212 0.0080 1.45e+05 1.51e+05
Ljung-Box (L1) (Q): 0.02 Jarque-Bera (JB): 12370.64
Prob(Q): D.88 Prob(JB) : 0.00
Heteroskedasticity (H): 12.97 Skew: 8.16
Prob(H) (two-sided): 0.80 Kurtosis: 11.82

Figure 7. Results of the Search and Evaluation of the Best Model Parameters

Figure 8 indicates the forecast of the closing prices of AALI stock through ARIMA. The date (X-axis) is between
approximately 2020 and 2024 whereas, the Y (Closing Price) is between 4000 and 14 000. The orange line is the
actual historical price closing data and the red line is the forecast price obtained by the ARIMA model. The plot above
shows that the red line is more likely to plateau beyond sometimes, implying that ARIMA model does not indicate
the actual fluctuations of stock prices, giving forewarned similar values over the next period of time. This implies that
the ARIMA model is not able to cope with trends or the volatility of the stock prices, which is more complex. Some
potential causes of this include the failure of the model to represent very volatile data, ARIMA poorly chosen
parameters, or external effects not reflected by the model.

AALI Stock Closing Price Prediction Using ARIMA

14000

- Predicted Price

12000

Tice

10000

8000

Closing P

6000

4000
2020 2021 2022 2023 2024
Date

Figure 8. Comparison of Actual Data with ARIMA Model Predicted Data
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Table 3 shows the performance analysis figures of a forecasting model. MAE which is 1911.49 represents the average
size of deviations between the expected and actual values without considering the direction of error. The lesser the
MAE number, the better is the performance of the model. The MSE 5,135,610.20 is used to measure the average
squared difference between the predicted values and the actual values with a higher penalty on large errors. The RMSE
0f2266.19 is the square root of the MSE, offering an error measurement in the same units as the original data. A lower
RMSE value indicates superior model performance. The MAPE of 23.85% indicates that, on average, the model's
predictions deviate by around 23% from the actual values.

Table 3. ARIMA Model Forecasting Accuracy Results

MAE MSE RMSE MAPE
1911.49 513560.20 2266.19 23.85%

The ARIMA forecast (red line) collapses to an almost constant =10k while the actual AALI price swings and trends
down toward ~6k; accordingly, MAE 1,911 is the typical day-to-day miss, RMSE 2,266 (~19% above MAE) signals
occasional large errors on shock/trending periods, and MAPE 23.85% shows the mistakes are big relative to price—
especially when the level is low. This happens because multi-step ARIMA on differenced data tends to revert to the
mean/last level, underfitting regime shifts and volatility clustering; forecasting levels (not returns), omitting
event/calendar regressors, and not re-estimating in a rolling fashion all exacerbate the flat forecast.

4.3.2  LSTM Model

Figure 9 shows a line graph juxtaposing the actual closing price of AALI stock with the projected closing price derived
from the LSTM model. The X-axis (Date) represents the time frame from January 2020 to July 2024, whereas the Y -
axis (Closing Price) indicates stock prices fluctuating between around 4000 and 14,000. LSTM model gives a forecast
of the prices of the closing given by the red line and the real price of the closing which is seen in the yellow line. This
is a chart that calculates the comparison between stock prices and predicted outcomes. This graph indicates that the
red and yellow lines coincide in a parallel form thus means that the LSTM model is quite accurate in forecasting the
prices of stocks despite the minor deviations in certain periods.

AALI Stock Closing Price Prediction Using LSTM

14000 - Predicted Price

12000 -

10000 |

Closing Price

80004

6000 -

4000 |

2020-01  2020-07 2021-01 202107 2022-01  2022-07 2023-01 2023-07 202401  2024-07
Date

Figure 9. Comparison of Actual Data with LSTM Model Predicted Data

Table 4 shows the forecasting metrics with the LSTM model. The ratio of the MAE of 277.50 shows that the mean
difference between the forecasted and the actual values is about 277.50 points. It demonstrates that the value of
165244.61 when the Mean Squared Mistake (MSE) equals it reveals that the total error between the forecasts and data
is 165244.61, which implies that there is an error but at a smaller value than before. RMSE= 406.50 represents the
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average error of prediction that is in the same units as the original data and hence represents the average error as being
406.50 points on average. The MAPE of 3.09 implies that the mean forecast error would cause the analyses to deviate
by an average of 3.09 percent of the actual price. Such results suggest that the prediction model is far more precise
with the reasonably smaller errors compared to the earlier discoveries.

Table 4. LSTM Model Forecasting Accuracy Results

MAE MSE RMSE MAPE
277.50 165244.61 406.50 3.09%

The LSTM tracks AALI closely: MAE 277.50 means the typical daily miss; RMSE 406.50 (=46% above MAE) signals
occasional larger mistakes on sharp jumps; MAPE 3.09% shows errors are small relative to the price level. Lower
MAE/RMSE would mean fewer and smaller absolute misses, while a lower MAPE would mean better scale-adjusted
accuracy across high/low price regimes. These patterns occur because LSTM captures nonlinear momentum/volatility
from rolling windows but—optimized for MSE—tends to smooth sudden, news-driven moves (earnings, policy
shocks), which inflate squared errors during spikes.

4.3.3  Prophet Model

Figure 10 shows the predicted closing price of AALI stock using the Prophet model. The orange line on the plot
represents the actual closing price data of AALI stock, showing significant price fluctuations, along with increases
and decreases in AALI's stock closing price. Meanwhile, the red line on the plot represents the closing price of AALI
stock predicted using the Prophet model, which does not show significant stock price fluctuations, appearing much
smoother and aligning with the existing trend. The predicted closing price of AALI stock, displayed by the red line,
is below the peak of the actual closing price, indicating that the Prophet model represents much smoother fluctuations
and follows the existing trend. All in all, this plot illustrates that Prophet is less sensitive to short-term changes in the
stock price data, but it is more sensitive to the price trends over the long term.

AALI Stock Closing Price Prediction Using Prophet

14000 { : .
- Predicted Price

12000

Tice

10000

Closing P
[e.2]
[=]
[=]
[=]

6000 .

4000 -

4600 4800 5000 5200 5400 5600 5800
Date

Figure 10. Comparison of Actual Data with Prophet Model Predicted Data

Table 5 presents the prediction with Prophet model. MAE of 1749.01 indicates that, on average, the predicted AALI
stock price has an error of about 1749.01 points. Meanwhile, MSE of 4353815.49 indicates a significant error, as MSE
gives more weight to larger errors. RMSE of 2086.58 provides an overview that the average prediction error in stock
price units is around 2086.58 points. Finally, MAPE of 19.32% shows that the average prediction error is about 19.32%
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of the actual stock price. Overall, although the Prophet model provides fairly good results, there are significant errors
that need to be addressed to improve the prediction accuracy.

Table 5. Prophet Model Forecasting Accuracy Results

MAE MSE RMSE MAPE
1749.01 4353815.49 2086.58 19.32%

Prophet fits AALI with a smoothed downward path, so MAE 1,749 is the typical daily miss, while RMSE 2,086 (=19%
above MAE; MSE = 4.35x10°) shows occasional large errors—usually on sharp rebounds or news shocks—and
MAPE 19.32% means errors average nearly one-fifth of price. This happens because Prophet prioritizes decomposable
trend/seasonality and, without explicit event/calendar regressors (earnings, rate decisions) or a return-based target, it
lags regime shifts and over-smooths volatility-clustered moves. Adding event regressors, using multiplicative
seasonality or modeling returns, and refitting in a rolling manner would lower those numbers.

4.4 Comparison of Model Performance

Table 6 compares the evaluation results of three stock price prediction models: ARIMA, LSTM, and Prophet, based
on four metrics: MAE, MSE, RMSE, and MAPE. The ARIMA model shows relatively large errors with an MAE of
1911.49, MSE 0f513560.20, RMSE 0f2266.19, and MAPE of 23.85%, indicating that its predictions are less accurate.
In contrast, LSTM shows the best results with an MAE of only 277.50, MSE of 165244.61, RMSE of 406.50, and the
lowest MAPE of 3.09%, indicating highly accurate predictions. Prophet performs better than ARIMA, with an MAE
of 1749.01, MSE of 4353815.49, RMSE of 2086.58, and MAPE of 19.32%, although it is not as accurate as LSTM.
Overall, the LSTM model provides the best prediction results, followed by Prophet and ARIMA, with lower accuracy.

Table 6. Comparison of Accuracy for ARIMA, LSTM, & Prophet Models

Model MAE MSE RMSE MAPE
ARIMA 1911.49 513560.20 2266.19 23.85%
LSTM 277.50 165244.61 406.50 3.09%
PROPHET 1749.01 4353815.49 2086.58 19.32%

4.5 Discussion

The most widely used time series forecasting models are ARIMA, Prophet and LSTM. All the models possess unique
strengths in relation to the type of time series data. ARIMA is an effective and easy model of statistics because it
predicts pure, inexplicable trends and seasonality over time. It fits well few anomalies, in stable and short-term
predictions. But when data is nonlinear, have high variance or have a long-term dependency, then it is not effective.
This can be demanding in time and operation to identify the correct parameters by hand, time-consuming, requires
extensive knowledge in statistics, and cannot withstand sudden changes in the data, making it not applicable to volatile
markets, like those in the stock market price patterns.

Prophet is a smaller model to grasp seasonal and nonlinear trends. It handles missing values, outliers, and abrupt
changes in trends (change points). Thus, it is well-suited for businesses such as sales or commodity price predictions.
However, its restricted ability to capture variable interactions and long-term dependency makes the forecast less
accurate than LSTM for volatile and dynamic data such as stock predictions.

LSTM is a deep learning model suited for capturing nonlinear, anomaly, and long-term dependent data. It achieves
low error rates, especially in stock price predictions but requires large data and computation time which makes it less
accessible for non-technical users. Ultimately, the model chosen depends on the type of data and forecasting needs.
LSTM is the best performing model for complex data at the expense of higher computation needs.
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5. CONCLUSION

This paper did a good job of making stock price prediction models with ARIMA, LSTM, and Prophet. LSTM was the
best of the three. The LSTM model had the fewest mistakes and did a better job of modeling the complicated and
nonlinear trends in historical stock prices, especially when the prices were very unstable. The most widely used time
series forecasting models are ARIMA, Prophet and LSTM. All the models possess unique strengths in relation to the
type of time series data. ARIMA is an effective and easy model of statistics because it predicts pure, inexplicable
trends and seasonality over time. It fits well few anomalies, in stable and short-term predictions. But when data is
nonlinear, have high variance or have a long-term dependency, then it is not effective. This can be demanding in time
and operation to identify the correct parameters by hand, time-consuming, requires extensive knowledge in statistics,
and cannot withstand sudden changes in the data, making it not applicable to volatile markets, like those in the stock
market price patterns. Prophet is a smaller model to grasp seasonal and nonlinear trends.
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