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Article Info ABSTRACT

. . Stocks are high-risk investment instruments, so a model 1s needed to assist
Artcle history: mvestors in decision-making. The Jakarta Composite Index (JCI) is a key
Accepted: 10 July 2026 indicator that measures the performance of all stocks on the Indonesian stock
exchange. This study compares the performance of the Average-Based FTSMC,
GBM, and LSTM models in predicting JCI movements. The research data
consists of daily stock mndex values from June 1, 2024, to June 29, 2026. The
models were compared using the evaluation metrics MAPE, RMSE, and MAE.
Keywords: The results show that the Average-Based FI'SMC model provides the highest
accuracy (MAPE: 0.925%, RMSE: 86.753, and MAE: 65.162). These findings
indicate that the fuzzy time series approach is more adaptive to JCI fluctuations
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LSTM: limited to historical data using a single input variable; therefore, generalizing the
T results to market conditions requires further investigation.
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1. INTRODUCTION

The capital market plays a crucial role in a country's economy because it serves as a means of connecting
mvestors with issuers [1]. The existence of the capital market can attract interest from both foreign and domestic
investors. The capital market offers several financial instruments, one of which is popular and attracts investor
attention, namely stocks [2]. Investing in stocks offers the potential for high returns and high liquidity [3]. As a
dynamic capital market instrument, stock price movements reflect the market's collective expectations regarding
macroeconomic conditions and corporate performance. Investors need to pay attention to stock price
movements as a means of portfolio optimization, risk management, and other decision-making.

Stock price fluctuations can be seen from volatility; the higher the volatility, the faster the stock price
fluctuations [4]. Stock price fluctuations are influenced by several internal and external factors. Internal factors
mclude company performance, dividend policies, and corporate actions. External factors, on the other hand,
include inflation rates, interest rates, currency exchange rates, and geopolitical sentiment. The high market
sensitivity to factors that influence stock price fluctuations gives rise to highly volatile, non-linear, and non-
stationary stock price characteristics [5]. These characteristics make predicting stock price movements a complex
problem.
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The main indicator that records the performance of all stocks listed on the capital market (Indonesia Stock
Exchange) 1s the Jakarta Composite Index [6]. The Jakarta Composite Index (JCI) monitors the price movements
of stocks traded on the capital market. Investors use the Jakarta Composite Index as a benchmark to assess
aggregate capital market conditions [7]. The market capitalization of all listed companies 1s integrated so that its
movements reflect overall national economic sentiment. A positive Jakarta Composite Index movement indicates
market optimism, while a sharp decline indicates economic uncertainty that needs to be anticipated [8]. Thus,
the accuracy of the Jakarta Composite Index prediction model has implications not only for individual investment
decisions but also for systematic risks in policy analysis.

Various modeling approaches have been developed to predict Jakarta Composite Index movements, which
can be grouped into three groups: stochastic, fuzzy theory-based, and machine learning. Within the stochastic
group, several studies have been conducted, such as those by Bratian et al. [9], Sinha [10] and Sinha [11], which
used the GBM model to predict stock indexes. However, based on these studies, none have yet been applied to
stock indices in emerging markets such as Indonesia. Furthermore, determining the drift and volatility parameters
1s crucial to ensure the model aligns with the characteristics of emerging markets. Other approaches that combine
stochastic models with artificial intelligence such as ARIMA and LSTM by Nensi et al. [12] and GARCH-LSTM
and GARCH-GRU by Mutinda and Langat [13] accommodate nonlinear patterns that cannot be captured by
classical stochastic models. In the fuzzy theory group, research Guan [14], Aulia [15], Ramadani [16] discussed
predictions using the Fuzzy Time Series Markov Chain model. Research using these fuzzy theory-based models
has proven effective in modeling the uncertainty of time series data without specific assumptions. However, the
accuracy of fuzzy time series models is still influenced by the determination of the length and number of intervals;
therefore, it is necessary to determine interval divisions that are appropriate for the data characteristics. In the
machine learning group, research by Wen and Li [17], Sabzipour et al. [18], Yunita et al. [19] employs deep
learning models such as LSTM, which excel at capturing both long and short-term temporal dependencies in
non-stationary data.

The differing assumptions underlying each approach have implications for the performance of each model
i addressing the volatile and non-stationary characteristics of the Jakarta Composite Index. This difference 1s
most pronounced between GBM and LSTM: GBM is a parametric stochastic model that assumes returns follow
anormal distribution with drift and volatility, while LSTM 1s a non-parametric machine learning model that learns
nonlinear patterns without assuming any specific distribution. Given these paradigmatic differences, it is relevant
to examine the GBM and LSTM models to determine whether stochastic-based and machine-learning
approaches can compete in predicting volatile, non-stationary stock price indices. Previous studies have generally
compared models within the same category or combined two approaches simultaneously. Therefore, there 1s
currently no empirical evidence indicating which approach stochastic modeling, fuzzy theory, or machine learning
1s the most reliable when considered together. This gap underscores the importance of evaluating all three
approaches to effectively estimate risk in decision-making. Furthermore, addressing this research gap can provide
methodological insights into selecting the appropriate model to capture the dynamics of the JCI's movements.
Based on this gap, this study aims to compare the performance of the Average-Based FI'SMC, Geometric
Brownian Motion (GBM), and Long Short-Term Memory (LSTM) models in predicting movements in the
Jakarta Composite Index to determine the model with the highest accuracy.

2. RESEARCH METHOD

This study uses daly data from the Jakarta Composite Index (JCI) obtained from the website
https://investing.com. The data covers the period from June 1, 2024, to June 29, 2026, with a total of 492 data
points. The data was divided into training and testing sets in an 80:20 ratio. A normality test was conducted using
the Kolmogorov-Smirnov test as part of fulfilling the assumptions of the GBM model. In the GBM model, the
time interval At = 1/252 represents the standard convention for the number of effective trading days in a calendar
year in the capital market. The Monte Carlo simulation was run for 1,000 iterations to ensure the convergence
of the forecast distribution. In LSTM modeling, data normalization is first performed using min-max
normalization to standardize the data scale. For the LSTM model, hyperparameter tuning was performed,
covering the number of neurons, the learning rate, and the dropout rate [20]. The selection of this
hyperparameter combination uses the grid search method and is validated using the walk-forward validation
scheme. 5-fold walk-forward validation was used to preserve the temporal order of the data and prevent data
leakage, which commonly occurs in standard random cross-validation. The LSTM architecture defined by the
researchers consisted of 1 LSTM layer and 1 dense output layer, with 14-time steps, the ADAM optimizer, and
the MSE loss function. The selection of LSTM hyperparameters in this study was based on a combination of
literature reviews and the characteristics of JCI’s historical data [12], [20], [21]. An early stopping scheme was
also applied to determine the required number of epochs. Modeling of the Average-Based FT'SMC, GBM, and
LSTM was performed using the training data, followed by prediction and validation using the test data. The
performance of each model was evaluated using metrics including MAPE, RMSE, and MAE.
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2.1

Fuzzy Time Series Markov Chain
Tsaur proposed a new approach called the Fuzzy Time Series Markov Chain (FI'SMC), which combines

the principles of fuzzy time series with Markov chains to improve the accuracy of the prediction results [22]. The

stages in the FTSMC method are described as follows.

a.

b.

d.

2.2

Define the universe of discourse

Determining the population set begins with identifying the highest (Yy,4,) and lowest (Y;i,) values in the
historical data. Next, two positive integers, d; and d,, are selected as adjustment factors for the upper and
lower bounds, so that the data range can be divided into an appropriate number of intervals. The formula
for defining the population setis: U = [Yinin — d1, Yimax + d2].

Determine the length and number of intervals

The previously obtained universal set range is partiioned into a number of subintervals with uniform
widths. The number of subintervals is obtained using the following equation: n = 1 4+ 3.321og N.
Determining fuzzy sets

Fach fuzzy set A4; 1s formed by assigning a membership degree to each subinterval u. The resulting fuzzy

set 4; 1s denoted as follows: 4; = {il} , k=1.2,..,n
Kk

1 k=i
The fuzzy membership degree 1s defined as follows: y;, =4 0.5 k=i+lork=i-1
0 others.

Fuzzity of historical data

The fuzzification stage aims to map each data value into a relevant fuzzy set. If a data value lies in the
subinterval u;, then the value is represented in the corresponding fuzzy set 4;.

Compiling FLR and FLRG

Fuzzy Logical Relationships (FLR) are designed to capture the transitional relationships between fuzzy sets
from one time to the next. Formally, these relationships are expressed as: A; = A, where A; acts as left
hand side and Aj, as right hand side. FLLRs that have identical initial states are then collected into one group
called the Fuzzy Logical Relationship Group (FLRG). For example: A; = A;, A; = A,, then all these
relations are merged into one FLRG, namely A; - Aj, A;.

Constructing a Markov transition probability matrix

The value of each element of the matrix represents the probability of moving from state A; to state A;,

which is obtained through the following equation: P; i = 7”; (i,j = 1,2, ...,n), where M; ; represents the
i

number of recorded movements from state 4; to state A;, while M; represents the total of all movements

departing from state 4;.

Calculate predictions and adjustment values

The calculation of the predicted value 1s calculated following the following rules.

Rule 1: If A; = Ay, my is the middle value of uy, then the prediction result is: F(t) = m;P.

Rule 2: If A; = A4, Ay, A3, ..., A, my, is the middle value of u, and data at ime t — 1 (Y;_;) is in state 4;,

then the predicted result is: F(t) = myP;; + =+ m;_1Pi_1) + Yoo Py + -+ + My, Pyy.

The adjustment value to the initial prediction result is calculated following the following rules.

Rule 1: Suppose 4; is at time t — 1, A; = A;, A; = A; (i < j); the adjustment value is: Dyy = e

Rule 2: Suppose 4; is at time t — 1, A; = A;, A; > A; (i > j); the adjustment value is: Dy = — e
2

: . . . . . l
Rule 4: Suppose 4; is at ime t — 1, 4; = 4;_, (1 < v < i); the adjustment value 1s: Dy, = v (E)

Rule 3: Suppose 4; 1s at ime t — 1, 4; = A;45 (1 £ s £ n —i); the adjustment value 1s: Dy, = s (—)

In general, the general form for the adjusted prediction results is: F'(t) = F(t) &+ Dy £ Dy

Average Based Fuzzy Time Series Markov Chain
Average-Based FI'SMC is a variant of the Fuzzy Time Series model that uses an average-based algorithm
to determine the mterval length [23]. The steps in the average-based algorithm are as follows [24].
The absolute difference between Y; and Y, 4 is calculated for each sequential data pair, then the difference
I Y1l

N-1
The absolute mean value obtained in the first step is divided by two to produce the interval length ().
Based on the previous step, the interval length base is determined by referring to Table 1.

values are averaged using the following equation: M =
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Table 1. Interval Base

Interval Length Base
0.1-1.0 0.1
1.1-10 1
11-100 10
101-1000 100
1001-10000 1000
d.  The interval length 1s then rounded up to match the interval base value obtained from the table.

2.3 Kolmogorov Smirnov

One test that can be used to determine whether a dataset is normally distributed 1s the Kolmogorov-Smirnov
test. The hypothesis testing procedure for the Kolmogorov-Smirnov test is as follows [25]:
H,: Data are normally distributed.
H,: Data are not normally distributed.
The Kolmogorov-Smirnov test statistic is expressed in the following equation: D = max|F; — F;|
where D denotes the maximum deviation, F; denotes the theoretical distribution function (as hypothesized), and
F; denotes the empirical distribution function (based on the sample). The test criterion is to accept Hy 1f the value
of D < D, or the p-value > a, where a = 0.05, so it can be concluded that the data are normally distributed.

2.4 Lemma Ito

Suppose X; 1s a continuous-time stochastic process that satisfies the following equation:

dX; = u(X,, t)dt + a(X,, t)dW, )

where W; 1s the Wiener process. If there is a function G(X¢, t) which is a differentiable function of X; and t,
then [26]

1926

= | 96 | 107G 2 96 .
dG = aXtu(Xt, O+, +5 Frid X, t)|dt + axta(Xt’ t)dw,. ©)

2.5 Wiener Process
A Wiener process 1s a special type of Markov stochastic process with a drift rate of 0 and a variance rate of
1. A stochastic process is said to follow a Wiener process if it satisfies the following condition:
a.  The change in AW (t) over a given time interval At is AW (t) = ev/At, where € is a random variable with
a standard normal distribution N (0,1) and At 1s the difference between two distinct time intervals.

b.  The value of A(t) for each different time interval is independent.
The change in the value of W (t) over a time period T can be considered as the sum of the changes in W (t) over

N time intervals of length t, thatis: N = o I'herefore, the change in the value of W (t) over the time period T

can be written as: W(T) — W(0) = XN, €;VAt, where €;(i = 1,2, ..., N) is a random variable with a standard
normal distribution [27].

2.6 Brownian Motion

A stochastic process {W (t), t = 0} is called Brownian motion if it satisfies the following conditions [9]:
a  W(0)=0,

b.  {W(t),t = 0} has a stationary and independent increment,

c. W()—-W(@)~N(,s—1t),Vs<t.

2.7 Geometric Brownian Motion

Geometric Brownian Motion (GBM) s a stochastic process used in stock price modeling. The GBM model
assumes that stock price returns are independent and normally distributed. The stochastic differential equation
of the GBM model is written as follows [28].

dP, = pP.dt + oP,dW, 3

with P; representing the stock price at time t and W; representing the Wiener process. Equation 3 can also be
written as equation 4 as follows.

2P udt + adW,.

Pt

(4)
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Suppose a function G of the variables Py and t 1s G (P;, t) with P; satisfying equation 3. Suppose the function

. . . . . dé _ 1 9% 1 dG
G(P;,t) =InP,, then the following equation will be obtained: — =—, — = ——;, and — = 0. Based on
Pt P¢ aPt P{ t
Lemma Itd, the function G will follow the following equation:
_|oac G | 19%G 2 3G N ES 11 5po 1
dG = ar; P, + P 257 (aP)*|dt + T oP.dW; = [Pt,uPt 277 o°P¢ |dt + m oP.dW,
=|Xup — 1L 52p2 =
= Pt,uPt 2P§U P¢ ]dt+PtaPtth

= [,u —%2] dt + odW;
InP, Py = 1= 2] dt + oW,
ln( Pe ) = [,u—%z]dt+o'th

Pr—1

Pe — exp [[u - 072] dt + ath]

Peo1
2
P, =P,_, exp [[u - 67] dt + ath]. ()

where P, represents the stock price at time t, P;_; represents the stock price at time t — 1, 4 represents the drift
value, ¢ represents volatility, and W, represents the Wiener process. Since dW,~dt. Z where Z~N(0,1), then
in discrete simulations, the Wiener component is approximated as ev/At where e~N(0,1), so equation 5 can be
written in discrete form as equation 6 as follows [27].

2
P, =P,_;exp [[u - %] At + aex/E]. (©)

2.8 Long Short-Term Memory (LSTM)

LSTM is a deep learning model specifically designed to address the vanishing gradient problem in RNNs.
The fundamental difference between the LSTM model and RNN lies in the introduction of memory cells and
the gate mechanism [29]. Cell states function as memory cells that carry and retain relevant information in the
long term. The gate mechanism in the LSTM model consists of three parts: the forget gate (f3), the input gate
(i;), and the output gate (0;). The forget gate removes irrelevant information, the input gate controls the
information entering the cell state, and the output gate regulates the information used as the hidden state (h;)
for the next step [30]. The structure of the LSTM neural network is visualized in Figure 1 as follows [31].

'xl
7
By 1 hy
| __output
5 o, gate
€yt s - G
\.~ \
forg’elling i men‘lory
Ao input
gate gute update @

Figure 1. LSTM neural network structure

There are activation functions used in each gate, namely the sigmoid and tanh functions. The sigmoid
function (o) gives a value ranging from 0 to 1, while the tanh function gives a value between -1 and 1. The sigmoid
eX—e=X __ .
I'he equations for the

and tanh activation functions, respectively, are: o(x) = and tanh(x) =

1+e~* eX+e=
forget gate (f;), mput gate (i¢), output gate (0.), and hidden state (h;) are presented as follows: f; =
O-(Vyf[ht—l' xt] + bf), it = O-(Wl [ht—li .xt] + bl)’ O = O-(VVO[hf—li xt] + bO)’ 'dnd ht = 0¢ ® tal’lh(Ct). thC

C; and C; values are calculated as follows: €, = tanh(W,[he_1, x,] + b,) and C; = Co_y ® fi + C¢ Q .

2.9 Evaluation Model

Model evaluation is carried out using several evaluation metrics to measure the accuracy of the prediction
model, including the following [32].
a.  Root Mean Square Error (RMSE): calculates the square root of the average prediction error; large

prediction errors will be penalized. The formula for RMSE is: RMSE = & T (Fe— A2
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b.  Mean Absolute Error (MAE): calculates the average of the absolute differences between predicted and
. . . . . 1
actual values; does not overly penalize outliers. The formula for MAE 1s: MAE = - lF — Al

c¢.  Mean Absolute Percentage Error: calculates the average absolute percentage error between the predicted
value and the actual value; has a very intuitive interpretation in terms of relative error. The formula for

. Ag—
MAPE is: MAPE = 3, [ x 100%.
t
According to Lewis [33] as cited in Chen et al. [34], the lower the MAPE error percentage, the more reliable
the prediction results. A MAPE value of less than 10% is categorized as “very accurate”, 109%-20% as “good”,

219%-50% as “reasonable”, and more than 50% as “inaccurate”.

3. RESULTS AND ANALYSIS
3.1 Descriptive Data Analysis
A descriptive analysis of the data was conducted to identify the characteristics and patterns of the historical
data. The results of the descriptive analysis are presented in Table 2 below.
Table 2. Descriptive analysis
Minimum Maximum Data Range Mean Median Standard Deviation
5342.140 9134.700 3792.560 7414.364 7312.615 711.732

Based on Table 2, the results of the descriptive analysis show that the JCI data used in this study have a
minimum value of 5,342.140 and a maximum value of 9,134.700. The mean is recorded at 7,414.364, while the
median 1s 7,312.615. The relatively small difference between the mean and the median indicates that the data
distribution tends to be symmetrical. The standard deviation of 7 11.732 describes the degree of deviation from
the mean. When compared to the mean, this standard deviation indicates that the data variability is moderate,
meaning it is not too extreme but still reflects the dynamics of price movements.

o 20 S o 00

Figure 2. Plot the daily price of JCI

The data in this study were divided into training data and test data, with a split of 809 training data and 20%
test data; the distribution of training and test data is shown in Figure 2. As shown in Figure 2, the training data
exhibits an upward and downward trend pattern during certain periods, whereas the testing data shows a
downward trend until the end of the period. It can also be observed that during the testing period, there was an
extreme decline over a relatively short timeframe. This indicates the presence of significant volatility, signaling
that the market is in an unstable condition.

3.2 Average Based FI'SMC Modeling

The steps for modeling the Average-Based FTSMC are presented as follows:

a.  Define the universe of discourse
From the training data, the minimum (Y,,;;,) and maximum (¥4, ) values were determined in advance;
the minimum and maximum values obtained were 5967.99 and 9134.7, respectively. In this study, d; =
625.85 and d, = 17.44 were selected, resulting in the following universal set: U = [Yin — dy, Yiax +

d,] = [5967.99 — 17.44,9134.7 4+ 625.85] = [5342.14,9152.14].

b.  Determine the length and number of intervals
The first step in determining the interval length using an average-based algorithm is to calculate the average
absolute value between two observations. The average absolute value 1s as follows:
393 |V a1 Y,
m = E=ln T _ g7 353
393

The length of the provisional interval is obtained by dividing the previously calculated absolute mean by
two, resulting in [ = 28.662. Next, based on the base table, the length of the interval is rounded to [ = 30.
Based on the length of the interval, a total of 127 subintervals were formed. The subintervals formed include
the following: u; =[5342.14, 5372.14], ..., uy57 =[9122.14, 9152.14].

‘A Comparative study of Average-Based FTSMC, GBM, and LSTM for JCI Forecasting (Aulia)
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c¢.  Determining fuzzy sets
The fuzzy sets A; are defined based on the intervals obtained from the partitioning of the universal set,
where each interval u; represents a fuzzy set A;. The fuzzy sets in this study are defined as follows:

1 050 0 0 0 0 0 O 0 05 1
Alz{___ },..., 1272{ }.

U Uy Uz’ Upps Uige Urzy Uy Uy Uz U5 Uppg Usay
d.  Fuzzfy of historical data
Fach historical data point 1s fuzzified into the corresponding fuzzy set. Data points falling within subinterval
u; are mapped to fuzzy set A;. The results of the data fuzzification are shown in Table 3.
Table 3. Data fuzzification results
No Data  Fuzaficaton No Data Fuzzificaton No Data Fuzzification

1 7036.19 As, 5 6897.95 As, 391 907541 Apzs
9 7099.31 Aso 6 6921.55 Ass 392 9133.87 Avyy
3 6947.67 Asy : : : 393 9134.70 Avyy
4 6974.90 Ass 390 9032.58 Agza 394 9010.33 Aigs

e.  Compiling FLR and FLRG
The FLR is constructed by linking the fuzzification results for time period t with those for the subsequent
time period t+1. The details of the FLR generated from this process are presented in Table 4 below.
Table 4. Fuzzy Logical Relationship results
No Data FLR No Data FLR
1 7036.19 - : : :
2 7099.31 Acy = Agg 392 9133.87 Ay o Aqy;
3 6947.67  Agg = As, 393 913470 Ayy; - Agyy
4 9010.33 Aypy 2 Ajps 394 9010.33 Ajp; > Ajgs

FLRs with the same left-hand side are grouped into the same group. The grouping of FLR results into a
group 1s referred to as a FLRG. The results of the FLRG formation are shown in Table 5.
Table 5. Fuzzy Logical Relationship Group results

Group FLRG Group FLRG
1 A -0 31 Azq = (DAzg, (1DA3q, (DA;35, (DAL
2 A, >0 : :
: : 126 Ajye = 0
30 Azq = (1)Az3, (1)Azg 127 A7 = (DAg,3 (1A,
f. Constructing a Markov transition probability matrix
The results of the FLRG formation were then converted into a 127 X 127 Markov transition probability
matrix.
0O -~ 0 0 0 0 O
0 0 01 00
P=1o 0000 1
0 0 00 0O
0 2000 =
2 2
g. Calculate predictions and adjustment values

Predictions and adjustment values were calculated in accordance with existing rules. The initial prediction
results and the adjusted prediction results are shown in Table 6.
Table 6. Preliminary and final prediction results

No Data Initial Prediction = Adjustment Value  Final Prediction
1 7036.19 - - -
2 7099.31 7070.890 30 7100.890
394 9010.33 9075.920 -75 9000.920
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3.3 Geometric Brownian Motion Modeling
Modeling Geometric Brownian Motion begins by calculating the return using the following log-return

. S . . . .
formula: 1, = log (S—t) , where S; represents the price at time t and S;_; represents the price at time ¢t — 1.
t—1

The log return data were then tested for normality using the Kolmogorov-Smirnov test to verify that they met the
assumptions of the Geometric Brownian Motion model. Visually, the distribution of the log returns can be seen
in Figure 3.

Density
20 30 40

10

r T T T T T 1
-0.08 -0.06 -0.04 -0.02 0.00 002 0.04

log_return_train

Figure 3. Plot of the log-return histogram for the JCI

Figure 3 shows that the histogram of the log returns has a bell-shaped distribution, indicating that the log returns
follow a normal distribution. To confirm that the log return data follow a normal distribution, a Kolmogorov-
Smirnov test was conducted. The Kolmogorov-Smirnov test yielded values of D, = 0.0685, D = 0.0676, and a p-
value of 0.0552. Based on these results, it is evident that D = 0.0676 < D, = 0.0685. In addition, the p-value 1s
0.0552, which 1s greater than the significance level a = 0.05. Thus, since D < D, and the p-value > a, the log
returns are said to be normally distributed. Next, to estimate the drift and volatility parameters used in the GBM
model, the mean and standard deviation of the returns are first calculated as follows.
1

392

_ 1
7= EZ?Z? 1. = 0.000629, and s =

Y393 (r, —7)2 = 0.011.

The values of the volatility (¢) and drift (u) parameters are calculated as follows, respectively:

£ 202188, and pt = -+ = = 0.2719
w==0 yand g ==+ —=0. .
Therefore, the Geometric Brownian Motion model in this study is expressed as follows:

([0.2719—(0'212788)2]At+06\/ﬂ)

g =

P.=P_;e

Based on the GBM model that has been developed, a Monte Carlo simulation is then performed by

generating 100 random numbers drawn from a standard normal distribution. This simulation will produce 100

different prediction trajectories for the GBM model. Therefore, the median of all the resulting trajectories will

be calculated with a 90% confidence interval. The results of the Monte Carlo simulation for the GBM model are
shown in Figure 4.

=P, 1e(0.247963At +0.2188¢VAt)

= Actual Data
—— Median GBM
Interval 90%
£ W
0 100 200 300 400

Period

Figure 4. Results of the GBM model simulation

As shown in Figure 4, the red line represents the median plot of all trajectories. This plot does not closely
follow the pattern of the actual data. It exhibits an upward trend throughout the period, which is consistent with
a positive drift. The median plot from this GBM Monte Carlo simulation has not yet been able to capture the
pattern of the actual data well. Nevertheless, the 90% confidence interval generated from the simulation still
successfully covers nearly the entire range of the actual data’s movement.

3.4 LSTM Modeling

Before the model training phase began, all data were first standardized using the min-max normalization
technique so that their values were distributed within the range of 0 to 1. The normalized data were then
transformed mnto an input format compatible with the LSTM architecture. Hyperparameter optimization was
performed using a grid search approach and evaluated using a walk-forward validation scheme to ensure the
model’s generalization to previously unseen data. Forward validation was performed using a 5-fold expanding
window scheme on the training data. The size of the training data in each fold increased progressively, while the
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validation data in that fold always consisted of observations following the training data period, thereby preserving
the data sequence. The random seed value, set to 123 to ensure the reproducibility of the results, was applied
during both the hyperparameter selection and model training processes. The hyperparameters optimized in this
study include the number of neurons, the learning rate, and the dropout value. The complete hyperparameter
configuration and LSTM model architecture include: 1 LSTM layer, 1 Dense layer, 128 neurons, a learning rate
of 0.01, a dropout rate of 0.01, a batch size of 32, 14 time steps, the ADAM optimizer, and the MSE loss function.

During the model training process, an early-stopping mechanism is implemented as a strategy to
automatically halt training iterations if there is no improvement in performance on the validation data before the
specified number of epochs 1s reached. The implementation of this mechanism aims to prevent both overfitting
and underfitting while reducing computational time. The maximum number of epochs was set to 100, but the
early stopping mechanism terminated the training process at the 61st epoch. The dynamics of the loss values on
the training and validation data during the LSTM model training process are shown in Figure 5.

— TainLoss
validatian Loss.

Loss (msF)

o 10 20 EY ® By kY

Figure 5. Plot train loss and validation loss

Figure 5 shows that in the early epochs; there 1s a very sharp decline in the loss values for both curves. This
rapid decline indicates that the model successfully learned the underlying patterns of the JCI time series data
efficiently during the early stages of training. Furthermore, between epochs 10 and 60, both curves show a stable
(convergent) trend with very small and largely constant loss values. The training loss and validation loss curves
also appear to overlap without any significant gaps throughout the training process.

3.5 Evaluation Model
The predictive models built during the training phase were then evaluated using test data. Visually, a
comparison of the accuracy between the prediction results and the actual data for each model can be seen in
Figure 6. Quantitatively, the measures of prediction error for each model can be seen in Table 7.
Table 7. Evaluation metric results

Model MAPE MAE RMSE

Average Based FTSMC 0.925% 65.162 86.753
Geometric Brownian Motion 33.976% 2267.962 2541.952
LSTM 1.775% 123.797 166.885

Naive (Persistence) 1.569% 110.161 152.734
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Figure 6. Prediction results: (a) Average-based FI'SMC, (b) Geometric Brownian Motion, (¢) LSTM
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The evaluation results show that the Average-Based FTSMC model achieved the highest accuracy (MAPE
0.925%), followed by LSTM (MAPE 1.755%), and GBM (MAPE 33.976%). A similar pattern was consistently
observed for MAE and RMSE, where Average-Based FTSMC and LSTM outperformed GBM. Based on the
MAPE criterion, Average-Based FTSMC and LSTM fell into the “highly accurate” category, while GBM fell into
the “reasonable” category. For comparison, a naive model (persistence, ¥, = y,_1) was also evaluated over the
same test period, yielding a MAPE of 1.5699%, an MAE of 110.161, and an RMSE of 152.734. Compared to the
naive model, Average-Based FI'SMC demonstrated a significant reduction in MAPE. Average-Based FI'SMC
excels at capturing fluctuation patterns with high precision (Figure 6(a)), as the formation of fuzzy intervals and
probability matrices can represent the movements of the JCI. LSTM (Figure 6(c)) is capable of learning nonlinear
dependencies and long-term temporal patterns. In contrast, GBM (Figure 6(b)) fails to closely follow actual data
patterns due to the assumptions of constant drift and volatility, and thus does not adequately represent actual
market conditions.

Next, to test whether the differences in accuracy among the models are statistically significant, a paired test
was conducted on the absolute error values of each model. This paired design was used because each model was
evaluated using the exact same test dataset, so the absolute error values of the different models on the same data
samples are paired with one another. The hypothesis tested for each pair of models is formulated as follows:
Hy: pg = 0 (There is no significant difference in the mean error between the two model)

Hy:pg # 0 (There is a significant difference i the mean error between the two models)

Before conducting the model comparison test, the Shapiro-Wilk normality test (o = 0.05) was applied to
the absolute error distributions of each model. The test results indicated that the differences in absolute error
between model pairs were not normally distributed (p-value = 0.001 < a); therefore, the Wilcoxon signed-rank
test was used as a nonparametric alternative. The analysis was conducted on three model pairs (Average-Based
FISMC-GBM, Average-Based FITSMC-LSTM, and GBM-LSTM) with n = 98 paired observations covering
the entire testing period. The test results show that Average-Based FTSMC consistently has a smaller absolute
error than GBM (V = 0, p-value < 2.2 X 107%6) and LSTM (V = 0, p-value = 1.46 X 10™°) at all observation
points. LSTM also consistently outperformed GBM (V = 0, p-value < 2.2 X 107%). Since the three tests were
conducted simultaneously, a Bonferroni correction was applied with a adjusted to 0.05/3 = 0.0167. After
correction, all three comparisons remained significant (p-value < 0.0167), confirming that the performance
differences between models are consistent and not merely artifacts of repeated testing. Overall, these results
reinforce the main finding of this study that the Average-Based FTSMC is statistically superior to both
comparison models, with LSTM ranking second and GBM showing the weakest forecasting performance on the
JCI dataset. The consistent superiority of the Average-Based FTSMC model demonstrates that a fuzzy-theory
approach combined with a Markov chain is more adaptive in capturing the uncertainty and nonlinearity of JCI
data. This superiority can be explained by the differences in the parameter estimation mechanisms of the three
models. Unlike the GBM, which assumes constant drift (y) and volatility (o), the Average-Based FTSMC forms
an FLRG that represents fuzzy state transitions based on the latest conditions. This Markovian property allows
the model to adjust its predictions directly to local changes in the data without requiring the assumption of long-
term stationarity. Meanwhile, although the LSTM is capable of capturing nonlinear temporal patterns through
its gating mechanism, the trained weights remain constant during testing; thus, its adaptability 1s limited to patterns
learned during training, and it is unresponsive to new data outside the training distribution. This mechanistic
difference aligns with the empirical findings of the study, in which the Average-Based FI'SMC significantly
outperformed the GBM at every observation point. Thus, the Average-Based FTSMC demonstrated the best
performance in predicting the JCI during the study period.

4. CONCLUSION

This study aims to compare the performance of the Average-Based FTSMC, Geometric Brownian Motion
(GBM), and Long Short-Term Memory (LSTM) models in predicting movements in the Jakarta Composite
Index from June 1, 2024, to June 29, 2026. Evaluation results using the MAPE, MAE, and RMSE metrics show
that, for the specific data characteristics and test period, the Average-Based FT'SMC model provides the highest
prediction accuracy with a MAPE of 0.925%, an MAE of 65.162, and an RMSE of 86.753, followed by the
LSTM model, while the GBM model produces significantly higher error rates. These findings indicate that, in
the case of the JCI data studied, approaches based on fuzzy logic and machine learning are better able to capture
nonlinear patterns and unstable fluctuations compared to classical stochastic models that assume constant drift
and volatility. Therefore, the selection of a prediction model must take into account the specific statistical
characteristics and temporal dynamics of the relevant stock market data.
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    A 127 →   A 123


    A 1 → ∅


    A 31 →  ( 1 )   A 28 ,  ( 1 )   A 31 ,  ( 1 )   A 35 ,  ( 1 )   A 40


    A 2 → ∅


  ⋮


  ⋮


  ⋮


  ⋮


    A 126 → ∅


    A 30 →  ( 1 )   A 33 ,  ( 1 )   A 38


    A 127 →  ( 1 )   A 123 ,  ( 1 )   A 127


  ×


  P =  [    0  ⋯  0  0  0  0  0   ⋮  ⋱  ⋮  ⋮  ⋮  ⋮  ⋮   0  ⋯  0  0  1  0  0   0  ⋯  0  0  0  0  1   0  ⋯  0  0  0  0  0   0  ⋯   1 2  0  0  0   1 2 ] .


  ⋮


  ⋮


  ⋮


  ⋮


  ⋮


    r  t = l o g  (     S  t    S  t − 1 )


    S  t


  t


    S  t − 1


  t − 1


    D  𝛼


  D


  D


  <   D  𝛼


  𝛼


  D <   D  𝛼


  > 𝛼


    r - =  1 393   ∑  t = 1 393    r  t = 0 . 000629 ,


  s =   1 392   ∑  t = 1 393    (   r  t −   r - ) 2 = 0 . 011 .


  ( 𝜎 )


  ( 𝜇 )


  𝜎 =   s   ∆ t = 0 . 2188 ,


  𝜇 =     r -  ∆ t +     𝜎 2 2 = 0 . 2719 .


      P  t =   P  t − 1     e   (  [ 0 . 2719 −     ( 0 . 2188 ) 2 2 ] ∆ t + 𝜎 𝜖  ∆ t ) =   P  t − 1   e  ( 0 . 247963 ∆ t   + 0 . 2188 𝜖  ∆ t ) .


      y  t ^ =   y  t − 1


    H 0 :   𝜇  d = 0


    H 1 :   𝜇  d ≠ 0


  2 . 2 ×  10  − 16


  1 . 46 ×  10  − 9


  2 . 2 ×  10  − 16

