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ABSTRACT

Gold is one of the most widely used investment assets because of its high economic value and relatively
stable role during economic uncertainty. However, fluctuations in gold prices may affect investors’
potential gains and losses, making price prediction important as a consideration in investment
decision-making. This study applies the weighted Markov chain method to predict Indonesian gold
prices using weekly gold price data from January 2019 to December 2020. The data were grouped
into two state classifications, namely six states and ten states, to evaluate the effect of state formation
on prediction accuracy. Transition probability matrices were constructed for each classification, while
the weights were determined based on autocorrelation coefficients. Prediction accuracy was evaluated
using the Mean Absolute Percentage Error (MAPE). The results show that the predicted gold prices
tend to remain in the same state over the prediction period. In the six-state classification, the
predicted price was in state 5 with an estimated value of Rp833,701 and a MAPE of 0.66%. In the ten-
state classification, the predicted price was in state 9 with an estimated value of Rp847,580 and a
MAPE of 1.67%. These results indicate that the weighted Markov chain method provides very good
short-term prediction accuracy. However, for longer prediction periods, the predicted values tend to
become constant and are less able to capture volatile movements in actual gold prices. Therefore, the
weighted Markov chain method is more suitable for short-term gold price prediction than for long-

term forecasting.

1. Introduction

Investment is an important financial activity that aims to
allocate capital or assets in the present in order to obtain benefits
in the future. In general, investment can be carried out through
various instruments, ranging from financial instruments such as
stocks, deposits, bonds, and mutual funds to real assets such as
property, precious metals, and other valuable commodities. Each
investment instrument has different characteristics in terms of
return, liquidity, risk, and time horizon. Therefore, investors
need to understand the behavior of the investment asset they
choose, especially when the asset price tends to fluctuate over
time [1, 2].

Among various investment instruments, gold is one of the
most widely recognized and commonly used assets. Gold has long
been considered a valuable asset because of its high economic
value, durability, liquidity, and ability to maintain value over
time. In many countries, including Indonesia, gold is not only
used as jewelry but also as an investment instrument. Gold
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investment is relatively accessible because it can be started with
small capital, is easy to sell or pawn, and is generally perceived as
safer than several other investment instruments. In addition, gold
is often viewed as a hedge against inflation and economic
uncertainty because its price tends to increase when economic
instability occurs [3—5].

The attractiveness of gold as an investment asset is also related
to its role as a store of value. Unlike some financial assets that are
strongly influenced by company performance, gold prices are
affected by broader economic factors, such as global market
conditions, inflation, exchange rates, interest rates, and investor
sentiment. In the Indonesian context, gold prices are closely
related to international gold prices and the exchange rate of the
Indonesian Rupiah against the United States Dollar. This is
because the international gold price is generally quoted in US
dollars per troy ounce, while domestic gold prices are expressed
in Rupiah per gram. As a result, changes in both world gold prices
and exchange rates can cause fluctuations in Indonesian gold
prices [6, 7].
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Fluctuations in gold prices create both opportunities and risks
for investors. When gold prices increase, investors may gain
profit from the difference between the buying and selling prices.
However, when gold prices decline, investors may experience
losses, especially if the decision to buy or sell gold is made
without sufficient analysis. Therefore, the ability to estimate
future gold price movements is important as a consideration in
investment decision-making. Although no prediction method
can provide perfectly accurate results, forecasting can help
investors understand possible price tendencies and reduce
uncertainty in making investment decisions [8—10].

Gold price prediction has become an important topic in
financial and commodity market studies. Various quantitative
methods have been developed and applied to predict gold prices,
including statistical models, time series models, artificial
intelligence methods, and stochastic models. Each method has
its own advantages and limitations. Some models require long
historical data and complex assumptions, while others are
designed to capture short-term patterns based on recent data. In
practice, the choice of prediction method depends on the
characteristics of the data, the purpose of the prediction, and the
expected prediction horizon [3, 11].

One method that can be used to predict dynamic changes in
time series data is the Markov chain method. A Markov chain is
a stochastic process in which the probability of a future state
depends only on the present state and not on the sequence of past
states. This characteristic is known as the Markov property. In
the context of price prediction, the Markov chain approach can
be used by classifying price data into several states and then
estimating the probability of transition from one state to another.
Through the transition probability matrix, the future state of a
variable can be predicted based on the current state [12, 13].

However, the conventional Markov chain method has
limitations because it generally considers only the current state
in predicting future states. In reality, financial and commodity
price movements may still contain information from several
previous periods. To overcome this limitation, the weighted
Markov chain method can be applied. The weighted Markov
chain extends the basic Markov chain approach by involving
several previous transition steps and assigning weights to each
step. These weights are usually determined based on the
autocorrelation coefficient of historical data. Therefore, the
weighted Markov chain method allows previous data patterns to
contribute differently to the prediction process [10].

The weighted Markov chain method has been applied in
several previous studies. Zhou (2015), for example, applied the
weighted Markov chain method to predict stock prices in the
Chinese sports industry and found that the weighted Markov
chain produced lower prediction errors than the ordinary
Markov chain. Abdullah (2016) also applied the weighted
Markov chain method to predict the opening stock price of PT
Indofood and showed that the method could provide good
prediction results in several cases. In addition, Peng et al. (2010)
applied the weighted Markov chain in the field of public health to
analyze and predict infectious disease problems in Jiangsu
Province, China. These studies indicate that the weighted
Markov chain method can be used to model dynamic systems in
different fields, including economics, finance, and health [6].

Although the weighted Markov chain method has been
applied in stock price prediction and other dynamic systems, its
application to Indonesian gold price prediction is still relevant to
be further examined. Gold prices have specific characteristics
because they are influenced by both global commodity prices and
domestic exchange rate movements. Moreover, gold remains a
popular investment asset among Indonesian investors.
Therefore, a prediction model that is simple, interpretable, and
suitable for short-term prediction may provide useful
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information for investors and researchers [5].

This study applies the weighted Markov chain method to
predict Indonesian gold prices using weekly data from January
2019 to December 2020. The data consist of weekly gold prices
that were converted into Indonesian Rupiah per gram based on
international gold prices and exchange rates. In this study, the
gold price data are classified into two different state groupings,
namely six states and ten states. The purpose of using two state
classifications is to examine how the number of states affects the
prediction results and accuracy. After the states are formed,
transition frequency matrices and transition probability matrices
are constructed. The weights for the Markov chain are then
calculated using autocorrelation coefficients, and the prediction
results are evaluated using the Mean Absolute Percentage Error
(MAPE) [7].

The main objective of this study is to apply the weighted
Markov chain method in predicting Indonesian gold prices and to
evaluate the accuracy of the prediction results. In addition, this
study aims to compare the predicted gold prices with the actual
gold prices in order to assess how well the method captures the
movement of gold prices. The results of this study are expected to
contribute to the application of stochastic methods in commodity
price prediction and provide additional insight into the use of the
weighted Markov chain method for short-term financial
forecasting.

Based on the background above, this study focuses on two
main research questions. First, how can the weighted Markov
chain method be applied to predict Indonesian gold prices?
Second, how accurate are the predicted gold prices compared
with the actual gold prices? By answering these questions, this
study is expected to provide a clearer understanding of the
performance and limitations of the weighted Markov chain
method in predicting gold price movements in Indonesia.

2. Materials and Methods
2.1. Study area and data collection

This study employed a quantitative approach using the
weighted Markov chain method to predict Indonesian gold prices.
The weighted Markov chain was selected because it can model
dynamic changes in time series data by considering the
probability of transition from one state to another. Unlike the
ordinary Markov chain, the weighted Markov chain incorporates
several previous transition steps by assigning different weights
based on autocorrelation coefficients. Therefore, this method is
suitable for examining short-term tendencies in gold price
movements.

The main stages of this research consisted of data collection,
data conversion, state classification, construction of transition
frequency and transition probability matrices, calculation of
autocorrelation coefficients and Markov weights, gold price
prediction, and evaluation of prediction accuracy using the Mean
Absolute Percentage Error (MAPE) [6, 14, 15].

The data used in this study were secondary data consisting of
weekly gold prices from January 2019 to December 2020. The
dataset covered 104 weeks, starting from 6 January 2019 to 27
December 2020. The data included international gold prices,
which were obtained from Investing.com, and the exchange rate
of the Indonesian Rupiah against the United States Dollar [4, 16].

Since international gold prices are commonly expressed in US
dollars per troy ounce, the data were converted into Indonesian
gold prices in Rupiah per gram. The conversion was conducted by
using the following equation (1).

World Gold Price
T 311034768

Indonesian Gold Price = X Exchange Rate (1)
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where 31.1034768 represents the number of grams in one troy
ounce. The converted values were then used as the main dataset
for the prediction process.

2.2. State classification

Before applying the weighted Markov chain method, the gold
price data were classified into several states. State classification
was conducted to transform continuous gold price data into
discrete categories, as required in the Markov chain approach.

In this study, two classification scenarios were used. The first
scenario divided the gold price data into six states, while the
second scenario divided the data into ten states. These two
scenarios were applied to examine whether different numbers of
states affected the prediction results and prediction accuracy. [17,
18]. The formation of states was based on the mean and standard
deviation of the Indonesian gold price data. The mean was
calculated as equation (2).

X1+x3++ X 2?:1 Xt

x = @

n n

where X represents the gold price at time t, and n is the number
of observations. The standard deviation was calculated as:

P G
n-1

where S denotes the standard deviation of the gold price data.
Based on the mean and standard deviation, each weekly gold
price was assigned to one of the predetermined states. This
process produced a sequence of states representing the
movement pattern of Indonesian gold prices.

(3)

2.3. Construction of transition frequency and probability matrix

After the gold price data were classified into states, a transition
frequency matrix was constructed. The transition frequency matrix
records the number of transitions from one state to another in
consecutive periods. If the gold price moves from state i at time t to state
J at time t+1, then the frequency of transition from state i to state j
increases by one. This process was applied to the entire sequence of
weekly gold price states [3, 6, 16]. The transition frequency matrix can
be expressed as equation (4).

f11 f12 f13 flm
fml fmz fm3 fmm

where f;j represents the frequency of transition from state i to state j,
and m represents the number of states. The transition probability
matrix was obtained from the transition frequency matrix. The
probability of transition from state i to state j was calculated by dividing
the transition frequency from state i to state j by the total frequency of
transitions from state i. The transition probability is given by equation

(5).
o fij
Yooy

(5)

where Pj is the probability of transition from state 1 to state j, and f;; is
the corresponding transition frequency. The transition probability
matrix is written as equation (6).

Py Py, P13 P1j
p= P:21 P?2 P:23 P:zj 6)
Py Py Py o Py
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Each row of the matrix represents the probability distribution of
future states given the current state. Therefore, the sum of each row is
equal to one [19—21].

2.4. Weighted Markov chain model

The weighted Markov chain method extends the ordinary Markov
chain by considering several previous transition steps. In this study,
predictions were made by involving up to five previous steps, namely
K=1, 2, 3, 4, and 5. The purpose of using several previous steps was to
determine the most suitable lag structure for predicting future gold
prices [3, 6, 16]. The weight for each lag was calculated using the
autocorrelation coefficient. The autocorrelation coefficient for lag k is
given by equation (7).

= S D k)
k Ty (=)

@)

where ry is the autocorrelation coefficient at lag k, xt is the gold price at
time t, xt+k is the gold price at time t+k, and x” is the mean of the gold
price data. The weight for each lag was then calculated as equation (8).

==t k=12 ..,k

Xl ®

where wj, is the weight for lag k, and K is the maximum number of
previous steps used in the prediction process. The use of absolute
autocorrelation values ensures that all weights are non-negative and
proportional to the strength of the relationship between current and
previous observations [6, 14, 15]. After the weights were obtained, the
weighted transition probability was calculated as equation (9).

P;=%K, kalS-"), (9)

where 131- j is the weighted transition probability from state 1 to state j,

wy, is the weight for lag k, and Pl-g-k) is the k-step transition probability.
The predicted state was determined by selecting the state with the
highest weighted transition probability see equation (10).
XAt+1 =arg m}ax{ﬁij} (10)
The predicted gold price was then represented by the corresponding
price value of the predicted state.

2.5. Prediction procedure and accuracy evaluation

The prediction procedure was carried out separately for the six-state
and ten-state classifications. The steps were as follows. First, the weekly
Indonesian gold prices were classified into states based on the
predetermined state intervals. Second, the transition frequency matrix
was constructed from the sequence of observed states. Third, the
transition probability matrix was calculated from the transition
frequency matrix. Fourth, the autocorrelation coefficients were
computed for several lags. Fifth, the Markov weights were calculated
using the autocorrelation coefficients. Sixth, the weighted transition
probabilities were obtained by combining the transition probabilities
with their corresponding weights. Finally, the future state was predicted
by selecting the state with the highest weighted transition probability.

The initial prediction was conducted for several values of K, namely
K=2, 3, 4, and 5. The prediction results were then compared with the
actual gold prices to determine which value of K produced the most
accurate prediction. After the best value of K was identified, the
prediction was extended to several forecasting periods [19—21].

The accuracy of the prediction results was evaluated using the Mean
Absolute Percentage Error (MAPE). MAPE measures the average
percentage difference between actual values and predicted values.
Mathematically, MAPE is defined as follows equation (11).
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x 100% (11)

where: Y, = represents the actual Bitcoin price at time t, ¥, = denotes the
forecasted Bitcoin price at time t, and n = the total number of
forecasting observations.

The interpretation of MAPE values was based on the following
criteria: a MAPE value of less than or equal to 10% indicates very good
prediction accuracy; a value between 10% and 20% indicates good
prediction accuracy; a value between 20% and 50% indicates moderate
prediction accuracy; and a value greater than 50% indicates poor
prediction accuracy.

The overall research procedure can be summarized as follows. The
study began with the collection of weekly world gold price data and
exchange rate data. The world gold prices were then converted into
Indonesian gold prices in Rupiah per gram. After that, the Indonesian
gold prices were grouped into six-state and ten-state classifications. For
each classification, transition frequency and transition probability
matrices were constructed. Autocorrelation coefficients were then
calculated to obtain the Markov weights. The weighted Markov chain
model was applied to predict future gold price states, and the prediction
results were compared with actual gold prices using MAPE. Through
this procedure, the study evaluated not only the ability of the weighted
Markov chain method to predict Indonesian gold prices but also the
effect of different state classifications on prediction accuracy [14, 22,
23].

1
MAPE = =¥,

Y%
Y

3. Results and discussion
3.1. Overview of gold price data

The data used in this study consisted of weekly Indonesian gold
prices from 6 January 2019 to 27 December 2020. A total of 104
observations were used to construct the weighted Markov chain model.
The gold price data were obtained by converting international gold
prices into Indonesian Rupiah per gram using the exchange rate of the
Indonesian Rupiah against the United States Dollar.

The descriptive analysis showed that Indonesian gold prices
experienced an increasing trend during the observation period. At the
beginning of the period, the gold price was approximately Rp612,041
per gram, while at the end of the period it reached Rp860,271 per gram.
This movement indicates that gold prices changed considerably during
the two-year period, although some short-term movements occurred
within relatively close price ranges.

The mean value of Indonesian gold prices during the observation
period was Rp750,427, while the standard deviation was Rp111,031. The
standard deviation was smaller than the mean, indicating that the
weekly gold price data were distributed around the average value and
did not show extremely wide dispersion. However, the standard
deviation still suggests that there was meaningful variation in gold
prices, which makes prediction relevant for investment analysis.

In this study, the gold price data were grouped into two state
classifications. The first classification consisted of six states, while the
second consisted of ten states. These two classifications were used to
examine whether the number of states affected the prediction results
and prediction accuracy.

3.2. State classification of Indonesian gold prices

The classification of gold prices into states is an important step in
applying the Markov chain method because the method requires
discrete states. The continuous gold price data were therefore
transformed into several intervals based on the mean and standard
deviation. For the six-state classification, the Indonesian gold prices
were divided into the following intervals in Table 1.

Table 1
Classification of gold prices across six states

State Gold Price Interval
State 1 (X <639,395)
State 2 (639,395 \leq X < 694,911)
State 3 (694,911 \leq X < 750,427)
State 4 (750,427 \leq X < 805,943)
State 5 (805,943 \leq X < 861,459)
State 6 (X \geq 861,459)
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The six-state classification provides wider price intervals, while the
ten-state classification provides more detailed intervals (Table 2). A
larger number of states may give more specific price categories, but it
may also reduce the transition frequency in each state. This can affect the
stability of the transition probability matrix.

Table 2
Classification of gold prices across ten states

State Gold Price Interval

State 1 (X < 639,395)

State 2 (639,395 \leq X < 667,153)
State 3 (667,153 \leq X < 694,911)
State 4 (694,911 \leq X < 722,669)
State 5 (722,669 \leq X < 750,427)
State 6 (750,427 \leq X < 778,185)
State 7 (778,185 \leq X < 805,943)
State 8 (805,943 \leq X < 833,701)
State 9 (833,701 \leq X < 861,459)
State 10 (X \geq 861,459)

After the gold price data were classified into states, the next step was
to construct the transition frequency matrix. The transition frequency
matrix shows how often the gold price moved from one state to another
in consecutive weeks. For the six-state classification, the transition
frequency matrix was obtained as follows matrix below.

[2210000]

0 12 4 0 0 0
F:|0 3 17 2 0 0|
0 0 1 1 1 1
lo 0 o 1 13 2|
lo 0 0o 0 3 19l

Based on this matrix, most transitions occurred within the same
state. For example, state 1 remained in state 1 for 22 transitions, state 3
remained in state 3 for 17 transitions, state 5 remained in state 5 for 13
transitions, and state 6 remained in state 6 for 19 transitions. This
indicates that weekly gold prices tended to remain in the same price
category rather than moving sharply to another category. The transition
probability matrix for the six-state classification was:

0,9565 0,0435 0 0 0 0

0 0,7500 0,2500 0 0 0

p= 0 0,1364 0,7727 0,0909 0 0
0 0 0,2500 0,2500 0,2500 0,2500
0 0 0 0,0625 0,8125 0,1250
0 0 0 0 0,1364 0,8636

The matrix shows that the highest transition probabilities are
generally located on the diagonal. This means that the probability of
remaining in the same state was higher than the probability of moving to
a different state. For instance, when the price was in state 5, the
probability of remaining in state 5 in the next period was 0.8125.
Similarly, when the price was in state 6, the probability of remaining in
state 6 was 0.8636. For the ten-state classification, the transition
frequency matrix was:

22 1.0 0 0 0 0 0 0 07
0 51 0 00 000 O
0 06 4 00 O0O0O0 O
0 0 3151 0 0 0 0 O
F= 0 00 0 12000 O
0 00 0 10100 1
0 00 0 00 010 O
0O 00 0 01013 O
0 00 0 O0O0OZ217 2
t0 0 0 0 0 0 0 1 2 19

In the ten-state classification, several states had fewer observations
and fewer transitions. This is because the price intervals were narrower
than those in the six-state classification. As a result, some states had
limited transition information [20, 21, 25]. This condition may affect
prediction stability because the transition probabilities are estimated
from relatively small frequencies. The transition probability matrix for
the ten-state classification was:
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0,9565 0,0435 0 0 0 0 0 0 0 0
0 0,8333 0,1667 0 0 0 0 0 0 0
0 0 0,6 0,4 0 0 0 0 0 0
0 0 0,1579 0,7895 0,0526 0 0 0 0 0
0 0 0 0 0,3333 0,6667 0 0 0 0
0 0 0 0 0,3333 0 0,3333 0 0 0,3333
0 0 0 0 0 0 0 1 0 0
0 0 0 0 0 0,2 0 0,2 0,6 0
0 0 0 0 0 0 0 0,1818 0,6364 0,1818
0 0 0 0 0 0 0 0,0455 0,0909 0,8636

3.3. Autocorrelation coefficients and Markov weights

The weighted Markov chain method requires weights for each
transition step. These weights were calculated based on the
autocorrelation coefficients of the historical gold price data. In this
study, autocorrelation coefficients were calculated for five lags, namely
k=1,2,3,4, and 5 [16, 26, 27]. The autocorrelation coefficients were in
Table 3.

Table 3
Autocorrelation coefficient value
Lag (k) 1 2 3 4 5
(re) 0.97079 0.94417 0.91244 0.88642 0.68254

The values show that the gold price data had strong positive
autocorrelation, especially from lag 1 to lag 4. This means that gold
prices in one week were strongly related to prices in the previous weeks.
The autocorrelation value decreased as the lag increased, indicating that
more recent observations had a stronger relationship with current gold
prices than older observations. The weights for the weighted Markov
chain were calculated from these autocorrelation coefficients. The
resulting weights were presented in Table 4.

Table 4
The Markov chain weights for each k
Lag (k) (K=1) (K=2) (K=3) (K=4) (K=5)

1 1.0000 0.50695 0.34335 0.26140 0.21213
2 - 0.49305 0.33394 0.25423 0.20632
3 - - 0.32271 0.24569 0.19938
4 - - - 0.23868 0.19370
5 - - - - 0.18848

The distribution of weights shows that the first lag had the
largest contribution in all values of K. However, the differences
between weights were not very large for K=2, K=3, and K=4. This
indicates that the recent several weeks still contributed
meaningfully to the prediction process.

The strong autocorrelation values support the use of the
weighted Markov chain method because the method relies on the
relationship between current and previous states. However, high
autocorrelation can also cause the prediction results to remain in
the same state, especially when the transition probability matrix
is dominated by diagonal values.

3.4. Prediction results based on the weighted Markov chain

The prediction process was conducted using the weighted Markov
chain model for both state classifications. The prediction was initially
performed for five weeks after the training period, namely week 105 to
week 109. The actual gold prices for these five weeks were compared
with the predicted states.

For the six-state classification, the gold price in week 104 was in state
5. Based on the transition probability matrix and the weighted Markov
chain calculation, the predicted gold price for week 105 was also in state
5 for all values of K. The same result occurred for weeks 106 to 109.
Thus, the model consistently predicted state 5 during the five-week
prediction period.

For the ten-state classification, the prediction results also showed a
similar pattern. The model predicted that the gold price would be in
state 9 from week 105 to week 109 for all values of K. This indicates that
both classifications produced stable predicted states during the short-
term prediction period. The comparison between actual and predicted
states is presented in Table 5.

|

|
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Table 5
Comparison of predicted gold prices in Indonesia with actual data
Actual
Week Actual Statein  Predicted State ij?lc”tI}::)l—ZEttZ Predicted State
Price Six-State in Six-State Case in Ten-State Case
Case
Case
105 833,403 5 5 8 9
106 831,678 5 5 8 9
107 842,999 5 5 9 9
108 838,176 5 5 9 9
109 822,129 5 5 8 9

The six-state classification produced predicted states that matched
the actual states for all five weeks. In contrast, the ten-state classification
matched the actual state only in weeks 107 and 108, while weeks 105,
106, and 109 were predicted as state 9 although the actual state was state
8. This result suggests that the six-state classification performed better
in terms of state prediction for the five-week prediction period.

The predicted state was then converted into a representative price
using the median value of the corresponding state interval. In the six-
state classification, the predicted state was state 5, with a representative
price of Rp833,701. In the ten-state classification, the predicted state was
state 9, with a representative price of Rp847,580.

These results show that the weighted Markov chain model produced
stable predictions. This stability is caused by the structure of the
transition probability matrix, where the highest probabilities are mostly
located on the diagonal. In other words, the model tends to predict that
the future state will remain the same as the current or recent dominant
state.

3.5. Prediction accuracy based on MAPE

Prediction accuracy was evaluated using the Mean Absolute
Percentage Error. Since the predicted states were the same for all values
of K, the MAPE calculation was conducted once for each state
classification [28, 29]. For the six-state classification, the predicted gold
price was Rp833,701. Based on the actual gold prices from week 105 to
week 109, the MAPE was calculated as follows:

1 Yi— Y
MAPE = X yn PV o 1009
n t
[(\833403—833701\
833403
(|838176—833701|) (\822129—333701\
838176 822129

_ 1
5

) (|831678—833701\) (\842999—833701|)
831678 842999

)] x 100%

é [(0,0004) + (0,0024) + (0,0110) + (0,0053) +

(0,01408)] x 100%
= 0,66%.
The resulting MAPE for the six-state classification was 0.66%. For

the ten-state classification, the predicted gold price was Rp847,580. The
MAPE was calculated as:

MAPE = ?_1”%[?”
-
(

X 100%

|833403— 847580|) (|831678— 847580

833403 831678
[822129- 847580|
————— )| X 100%

822129

)+

1838176~ 847580|)
838176

|842999— 847580|)
842999

1
= [0,0170) + (0,0191) + (0.0054) + (0,0112)

+(0,0310)] x 100%

1,67%.

The resulting MAPE for the ten-state classification was 1.67%.
Based on the MAPE criteria, both results indicate very good
prediction accuracy because the MAPE values were below 10%.
However, the six-state classification produced a lower MAPE
than the ten-state classification. This indicates that, for the data
used in this study, the six-state classification provided more
accurate short-term predictions.
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The MAPE values for different prediction periods are
presented in Table 6.

Table 6
27 Percentage error values for different values of n

Prediction Period Six-State Classification Ten-State Classification

5 weeks 0.66% 1.67%
13 weeks 2.45% 3.90%
26 weeks 2.18% 3.01%
48 weeks 2.15% 2.89%

The table shows that the MAPE values remained below 10% for all
prediction periods. This means that the weighted Markov chain method
had very good prediction accuracy based on the MAPE criterion.
Nevertheless, the six-state classification consistently produced lower
error values than the ten-state classification.

This finding suggests that using more states does not always
improve prediction accuracy. Although the ten-state classification
provides more detailed price intervals, it also produces fewer
observations in each state. As a result, the estimated transition
probabilities may become less stable. In contrast, the six-state
classification provides wider intervals, allowing more observations in
each state and producing a more stable transition probability structure.

3.6. Comparison between actual and predicted gold prices

The comparison between actual and predicted gold prices showed an
important characteristic of the weighted Markov chain model. The
actual gold prices fluctuated from week to week, while the predicted
prices remained constant during the prediction period (Fig 1). For the
six-state classification, the predicted price remained at Rp833,701. For
the ten-state classification, the predicted price remained at Rp847,580.
Meanwhile, the actual gold prices changed each week, with values of
Rp833,403, Rp831,678, Rp842,999, Rp838,176, and Rp822,129 during
the first five weeks of prediction.

Comparison of Actual and Predicted Gold Prices
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Fig. 1. Comparison chart of actual and forecast data for gold bar prices

This result indicates that the weighted Markov chain method was
able to provide accurate short-term predictions when the actual prices
remained close to the predicted state interval. However, the method was
less able to capture weekly fluctuations in actual gold prices. This is
because the Markov chain approach predicts states rather than exact
continuous values. When the predicted state does not change, the
representative predicted price also remains constant.

The tendency of the prediction to remain constant is closely related
to the transition probability matrix. Since the diagonal elements of the
matrix were dominant, the model assigned a high probability to the
same state in the following period. Therefore, once the model predicted
a particular state, it tended to continue predicting the same state for the
next periods. This characteristic has two implications. First, the
weighted Markov chain method is useful for short-term prediction when
the price movement is relatively stable and remains within the same
state interval. Second, the method has limitations for longer-term
forecasting or for periods with high volatility because it may fail to
capture changes in price direction and magnitude.

The results of this study show that the weighted Markov chain
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short-term prediction. The method produced very low MAPE values,
especially in the six-state classification. The five-week prediction
produced a MAPE of 0.66% for the six-state case and 1.67% for the ten-
state case. These results indicate that the predicted prices were close to
the actual prices during the short-term prediction period.

However, the prediction results also show that the weighted Markov
chain method tends to produce constant values when the predicted state
does not change. This occurred in both classifications. In the six-state
classification, the predicted state remained in state 5, while in the ten-
state classification, the predicted state remained in state 9. As a result,
the predicted gold price remained unchanged for the prediction period.

This finding confirms that the weighted Markov chain method is
more appropriate for identifying the likely future state of gold prices
rather than predicting exact weekly price movements. The method is
effective in estimating the price range, but it is less sensitive to short-
term fluctuations within the same state interval. Therefore, when the
actual price changes but remains within the same state, the model still
produces the same predicted value.

The comparison between the six-state and ten-state classifications
also provides an important insight. The six-state classification produced
better accuracy than the ten-state classification. This may be because the
six-state classification has wider intervals, which makes the model more
robust in classifying price movements. In contrast, the ten-state
classification uses narrower intervals, causing small changes in gold
prices to be classified into different states. Although this provides a more
detailed classification, it may also increase prediction error when the
model predicts a neighboring state.

Another important point is that the transition probability matrices
showed high probabilities of remaining in the same state. This suggests
that gold price movements in the observed weekly data had strong
persistence. The autocorrelation coefficients also supported this finding,
with values above 0.88 for lags 1 to 4. This means that gold prices in
recent weeks were strongly related to prices in previous weeks.

Nevertheless, strong persistence can make the model less responsive
to sudden changes. If gold prices move sharply due to external factors
such as changes in global market conditions, exchange rates, inflation,
monetary policy, or economic uncertainty, the weighted Markov chain
model may not immediately capture those changes. This is because the
model relies mainly on historical state transitions and does not include
external explanatory variables.

Therefore, although the MAPE values indicate very good prediction
accuracy, the interpretation of the results should be made carefully. The
low MAPE values show that the predicted prices were numerically close
to actual prices during the evaluation period. However, the graphical
comparison shows that the model did not fully follow the fluctuating
pattern of actual gold prices. This means that the method is suitable for
short-term range-based prediction but may not be sufficient for detailed
forecasting of weekly price movements.

Overall, the results demonstrate that the weighted Markov chain
method is simple, interpretable, and useful for short-term prediction of
Indonesian gold prices. The method can provide investors with an
estimated price range that may help in short-term investment
considerations. However, for longer prediction periods or more volatile
market conditions, the method should be combined with other
forecasting approaches or additional variables to improve its ability to
capture price fluctuations.

4. Conclusion

This study applied the weighted Markov chain method to
predict Indonesian gold prices using weekly data from January
2019 to December 2020. The data were grouped into six-state and
ten-state classifications, and prediction accuracy was evaluated
using MAPE. The results show that the method produced very
good short-term prediction accuracy. The six-state classification
predicted the gold price in state 5 with a representative value of
Rp833,701 and a MAPE of 0.66%, while the ten-state
classification predicted the gold price in state 9 with a
representative value of Rp847,580 and a MAPE of 1.67%.

The six-state classification produced lower prediction errors
than the ten-state classification for all evaluation periods. This
indicates that a larger number of states does not necessarily
improve prediction accuracy. Although the weighted Markov
chain method provided very good MAPE values, the predicted
prices tended to remain constant, while the actual prices were

method can be applied to predict Indonesian gold prices, particularly for ,, more fluctuating. Therefore, the method is suitable for short-term
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range-based prediction but has limitations in capturing detailed
price volatility, especially for long-term forecasting. Future
research may improve the model by incorporating external
factors such as exchange rates, inflation, interest rates, and
global gold price movements.
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