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The Sumatra subduction zone is a highly active tectonic region with significant stress
accumulation, making it prone to potentially devastating earthquakes. Accurate
forecasting of earthquake frequency in this area is crucial for disaster preparedness and
risk mitigation. This study applies Singular Spectrum Analysis (SSA), a non-parametric
method, to model and predict earthquake occurrences. To evaluate the reliability of
SSA, four data division cases were tested: Case 1, with 80% training data and 20%
testing data; Case 2, with 85% training data and 15% testing data; Case 3, with 90%
training data and 10% testing data; and Case 4, with 95% training data and 5% testing
data. Among these, Case 3 provided the most accurate representation of historical data,
achieving the lowest Root Mean Square Error (RMSE) and Mean Arctangent Absolute
Percentage Error (MAAPE) values for in-sample predictions. However, no definitive
conclusion could be drawn regarding the best composition for out-sample predictions.
These insights highlight the importance of testing models across different data splits to
ensure reliable forecasting. This approach offers a valuable tool for planning and
preparedness in earthquake-prone regions.

1. INTRODUCTION

Earthquakes are among the most destructive natural
disasters, particularly in Indonesia, which lies at the
intersection of the Eurasian, Indo-Australian, and Pacific
tectonic plates. The Sumatra subduction zone is one of the
most seismically active regions globally, characterized by
frequent tectonic activity and significant stress accumulation.
Accurate prediction of earthquake frequency in this region is
essential for disaster preparedness and risk mitigation.
However, traditional time series modeling techniques, such as
Autoregressive Integrated Moving Average (ARIMA) and
Generalized AutoRegressive Conditional Heteroskedasticity
(GARCH), often face limitations due to their reliance on
assumptions of linearity and stationarity. These methods
struggle to capture the dynamic and irregular characteristics of
earthquake occurrences. Machine learning approaches, while
offering some promise, often require extensive datasets and
lack transparency, making it challenging to interpret
underlying patterns in earthquake frequency. Although
technology has advanced, it still cannot predict the exact time
and location of an earthquake. However, areas prone to
earthquakes and their potential impacts have been mapped.
The annual earthquake frequency data can be used as a basis
for prediction through time series analysis. Various methods
have been applied in earthquake time series analyses to
estimate the frequency of earthquakes using this data.

This study introduces SSA as a novel and effective approach
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to earthquake frequency modeling, particularly for the
complex dynamics of the Sumatra subduction zone. SSA’s
ability to decompose and reconstruct non-linear and non-
stationary time series data provides a significant advantage
over traditional methods. By breaking down complex seismic
data into trend, periodic, and noise components, SSA can
reveal underlying patterns that are often obscured in traditional
analyses. Furthermore, this study evaluates SSA’s robustness
through  various  insample-outsample  data  splits,
demonstrating its capability to adapt to different data
configurations and ensure reliable forecasting. By applying
SSA to earthquake frequency modeling, this research not only
fills a critical methodological gap but also contributes valuable
insights into seismic hazard assessment and disaster risk
reduction strategies in one of the world’s most vulnerable
regions.

This study makes several key contributions to earthquake
frequency modeling and disaster preparedness. First, it
demonstrates the effectiveness of SSA as a forecasting tool for
earthquake frequency. By applying SSA to complex, non-
linear, and non-stationary seismic data, the study reveals its
ability to decompose and reconstruct meaningful patterns,
offering a robust alternative to traditional methods that often
struggle with such challenging data characteristics.
Subsequently, the research evaluates SSA’s performance
across various in-sample and out-of-sample data splits,
providing valuable insights into the best data configurations
for accurate forecasting. This analysis confirms the robustness
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and adaptability of SSA in different data scenarios, enhancing
its practical applicability. Finally, the study contributes to
disaster preparedness by providing actionable insights for
seismic hazard assessment in the Sumatra subduction zone one
of the most seismically active regions in the world. The
findings have the potential to inform early warning systems
and improve resource allocation strategies, ultimately
strengthening mitigation efforts in earthquake-prone areas.

In this study, the data is divided into in-sample and out-of-
sample sets with varying proportions to evaluate the reliability
of the SSA method. The data is split into four different cases:
Case 1 with 80% training data and 20% testing data, Case 2
with 85% training data and 15% testing data, Case 3 with 90%
training data and 10% testing data, and Case 4 with 95%
training data and 5% testing data. This approach ensures that
the analysis method is thoroughly tested across different data
configurations, helping to produce models that provide
accurate and reliable predictions. It is important to note that
earthquakes with a magnitude below the Magnitude of
Completeness (Mc) were excluded from the analysis.

2. METHOD AND MATERIALS

The island of Sumatra is located along the collision path of
two tectonic plates, namely the India-Australia Plate and the
Eurasian Plate. The boundary of the collision of these two
plates is clearly visible in the form of a deep-sea trench in the
west of Sumatra to the Andaman Islands, where the India-
Australia Plate infiltrates under the island of Sumatra at a
speed of 50-60 mm/year and a slope of about 12 degrees to the
east [1]. The National Center for Earthquake Studies
(PuSGeN) as one of the forums for researchers on seismicity
in Indonesia has succeeded in identifying several 4 segments
of large earthquake sources in the Sumatra megathrust zone,
namely the Aceh-Andaman (AA), Nias-Simeuleu (NS),
Mentawai-Pagai (MP), Mentawai-Siberut (MS), and Enggano
(EO) segments. Visually, the limitations of the five segments
of the source of the large earthquake can be seen in Figure 1
[2]. In the figure, information about the identity of the
segment, the maximum potential earthquake is displayed, and
the shear rate of tectonic plates in cm/year.
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Figure 1. Source segment in the Sumatra megathrust zone
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Figure 2. Research data preparation process
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The data used in this study is mainshock earthquake. To
obtain this data, a data preparation stage is required. The data
preparation stage in this study uses the help of the ZMapp 7.1
package on MATLAB R2018a software and Microsoft Excel
which follows the procedure as shown in Figure 2.

The first stage of research data preparation is to obtain data
on earthquake events from January 1%, 1900 to December 31°%,
2023. The data collection was carried out using the help of the
ZMapp 7.1 package on the MATLAB R2018a software. In the
process of collecting earthquake data using the ZMapp 7.1
package using a source from the USGS for the subduction
zone of Sumatra Island with latitude (6° LU-11° LS) and
longitude (94° BT-105° BT). The data to be taken is
magnitude 2.5 until 10 Mw with a depth of <70 km. One of the
reasons for choosing the depth of the earthquake is because an
earthquake with this depth has the potential to cause great
damage and can trigger a tsunami wave after an earthquake.

After knowing the value of M, then the declustering process
will be carried out. Declustering is the process of separating
earthquake events between the main earthquake (mainshock)
and the pioneer earthquake (foreshock), and aftershocks [3].
In this study, the declustering process uses the
GardnerKnopoff method. GardnerKnopoff declustering is a
method to separate pioneer or minor earthquakes that occur in
groups or within the same time and location from major or
large earthquakes in a short span of time [4]. The main goal of
GardnerKnopoff declustering is to identify and remove shear
earthquakes that occur due to major earthquake activity,
thereby improving accuracy in statistical analysis and
earthquake modeling. The GardnerKnopoff method is based
on two assumptions, namely the assumption that major
earthquakes can trigger pilot or minor earthquakes in a short
span of time with the same location and the assumption that
the time and location of pilot earthquakes can be considered as
random variables [5]. The subsequent process is the uniformity
of the magnitude type into one scale in the magnitude type M,,
and sorting data with the provision data of value > M..

2.1 SSA

SSA is one of the time series data analysis techniques used
for forecasting. As we know, the SSA method is a non-
parametric technique used to observe a time series data that is
not linear, not stationary, has a variable nature at any time or
temporarily, and more prone to success for short time-series
[6, 7]. In general, SSA combines elements of classical time
series analysis, multivariate statistics, multivariate geometry,
dynamical systems, and signal processing. SSA can be very
useful in solving various problems such as forecasting,



imputation of missing values, decomposition of the original
time series into a small number of interpretable components
such as slowly changing trends, oscillatory components, and
unstructured noise [8]. In SSA, the segmentation procedure
produces smaller time series, which is favorable for SSA. If a
time-series is non-stationary, transient oscillations can be
evidenced locally in a given segment, whereas they could go
unnoticed in the general computation of the whole time-series
[9].

The main steps in forecasting using the SSA method are:
Decomposition: The time series data is converted into a matrix
(trajectories) using a window length parameter. This matrix is
split using Singular Value Decomposition (SVD) into
principal components that represent different patterns.
Reconstruction: Relevant components are selected based on
their contribution or significance (usually those with the
largest singular values). These components are then
recombined to reconstruct the time series into trends,
seasonality, or noise as per the analysis. Forecasting: Based on
the reconstructed components, a model is built to extend
(forecast) the time series into the future while maintaining the
identified patterns [6, 9]. The purpose of the first stage,
decomposition, is to decompose the original series into a small
number of independent and interpretable components such as
slowly varying trends, oscillatory components, and
unstructured noise. At this stage, capabilities for vibration
analysis will also be applied. Then, in the second stage,
reconstruction will be used to reconstruct the original signal
using a selected number of components. For example, one can
select only a certain number of components that contain
important signal features, such as trend and oscillation
components, and discard the (unstructured) noise components
that cause discrepancies in the analysis results [10].

2.1.1 Embedding

Embedding is a stage where the initial time series data is
converted into a trajectory X matrix, meaning converting the
initial data in the form of one-dimensional data into
multidimensional data. The trajectory X matrix has
dimensions LxK. L shows the window length in the X matrix
which is the number of rows, while K indicates the number of
columns in the matrix. The selection of an appropriate value
of the window length L is of great importance in SSA
operation. This is because the efficiency of SSA in separating
different signal components from the composite signal
depends on the value of L [11].

In practice, the selection of window length (L) and
clustering strategy are critical for optimal analysis results. The
window length is usually chosen between 2 to N/2 (where N
is the length of the data) and is tailored to the nature of the
data: if the data has periodic patterns, the L should be close to
a multiple of the period to capture seasonal patterns, while for
data with dominant trends, a larger L is more suitable. The
clustering strategy is performed after decomposition, where
component clustering will be performed based on patterns,
such as smooth components with large singular values for
trends, oscillating components for seasonality, and
components with random fluctuations and small singular
values for noise.

There is no special method to determine the value of L
precisely, so to determine the value of L is done by trial and
error for the value to be in the range 2 < L. < 27N and the
time series data throughout the period N does not contain
missing data and X = {x;}; i = 1,2,...,N. Furthermore, in
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determining the value of K by K=N-L+1, where, N is the
amount of data and L is the length of the windows [12]. The X
trajectory matrix formed is a Hankel matrix where all its anti-
diagonal elements have constant values. In the form of a
matrix, it can be expressed as follows:

X1 X2 X3 Xk
X2 X3 X4 XK+1

X =[x, %, .., xy] =[X3 X Xs XK +2 (D)
X, Xp+1  Xp+2 XLk

2.1.2 Singular Value Decomposition (SVD)

The SVD stage in its application has similarities with
principal component analysis, which is to reduce components
from the initial data and reduce dimensions [13]. The purpose
of SVD is to obtain the separation of components in
decomposition from time series data. Due to the high
computational cost associated with SVD, its application to
large datasets may not be suitable [14]. Note that, SVD begins
with determining eigenvalue values (A;, A5, A3, ... A,) from the
matrix S = XXT where A, =2, >A; > >1;, >0, and
eigenvector (uy,uy, Ug,...,u;) from the S matrix. The
eigenvalue and eigenvector calculations of the S matrix can be
done using the following definitions:

Definition 1. If A is a matrix nxn, then the non-zero vector
x is inside, R™. called an eigenvector (vector eigen) of A if Ax
is a scalar multiple of x; that is

Ax = Ax

for a scalar ). The scalar 1 is called the eigenvalue of A and x
is said to be the eigenvalue corresponding to A [15].

To determine the eigenvalue of the $ matrix measuring

L X L, so Ax = Ax as Sx = Alx where in this case the matrix

S is the matrix A referred to in Definition 1. The equation is

equivalent to (Al —S)x = 0. Thus, for the eigenvalue A

equation (AI — §)x = 0 has a non-zero if and only if:

det(Al —S) =0 2)

Next, the eigenvalue A; will be obtained by i = 1,2,3,...,L

and U; = (uy, uy, us, ..., uy,) is the corresponding eigenvector
of eigenvalue.

Definition 2. Given X matrix m X n with rank r. The

positive eigenvalue of VXXT is called the singular value of X
[16].

In other words, if o is the singular value of X then ¢ is the
positive eigenvalue of VXXT or o2 is the eigenvalue of XX
From Definition 2, the relationship between the eigenvalue
and the singular value is obtained. In other words, a singular
value matrix is a matrix that is LxK in size with the main
diagonal containing the positive root of the eigenvalue (\//1_1)
with the order 4; > 1, = A; >...>2 A, > 0. It can be seen
from the matrix below:

'JZ e 0 o, - 0
JAi = l oo 1| = [ P
0 - JA



Furthermore, in determining the principal component
matrix, can be searched using the relationship of singular
values with the left singular vector and the right singular
vector as follows:

Definition 3. Suppose the real matrix X is m X n. Positive
real numbers o called singular values of matrix X if there are
zero vectors U € R™ and V € R™ so that XV = oU and
XTU = oV. The U vector is called the left singular vector and
V is called the right singular vector. Furthermore (o,U) is
called the left singular pair of X, and (0,V) is called the right
singular pair of X [16].

From the above definition, the following equation is
obtained:

XV = o;U and X"U = o,V

for vectors V; with i =1,2,3,...,L follows the following
equation:

XU,

L \/Z

VT is a transpose of the V; matrix, so that the V7 matrix can
be written in the form of:

“)

Vi1 V12 V1L
vzl v22 s UZL

vi= oo L ©)
Vg1 VUk2 Uk

After obtaining the singular value (o;), eigenvector (U), and
principal component (V), the decomposition of the singular
value of the trajectory matrix X is as follows:

Definition 4. For each X € R™ ™ of rank r, there is an
orthogonal matrix U, ym, Voxn and a diagonal matrix Dy, =

diag(oy,05,...,0,) so that
_ D 0 T
X=U (0 o)mxn 4 6)

witho; 20, 2+ 20, > 0[17].

The VT matrix is a transpose of the ¥ and U matrices of
L X L and D,, is a matrix with L X K dimensions whose
main diagonal element is the singular value of the S matrix, so

that the value of X; can be found by the following steps:

Xi=
Uy Upp U] for 0 0 0][vi1 Viz Vik
Uy Uy Up| |0 03 0 0 [|V21 Va2 Vak
: : 0 0 - 0 : : i (7)
Uy U Ul 10 0 0 o,1lVk1 Vke Ukk
=U10‘1V{ + Uzo-zv’; + -+ UdO'dVg
=2 Uio V]

withi =1,2,3,...,d and d = max{i} and g; > 0.

The three components in the X; matrix namely singular
value (g;), eigenvector (U;), and principal component (V) are
called the i’th eigentriple of Singular Value Decomposition.
So the SVD for the X; matrix can be written as follows [6]:

Xl:X1 +X2 +X3+"'+Xd. (8)
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2.2 Reconstruction

Reconstruction is a stage where the data is reconstructed
into new time series data based on the values obtained in the
previous stage, namely the decomposition stage [6]. The
newly obtained time series data will go through two processes,
namely grouping and diagonal averaging.

2.2.1 Grouping

Grouping is the grouping of a matrix of X; into several
groups. The grouping of the X; matrix can be done by
subjectively looking at eigentriple value patterns or can
perform spectral analysis to see patterns and periods in
eigentriples. The grouping process is carried out by grouping
the set of indices {1, 2, 3,..., d} into m subsets denoted by [ =

L, I, 15,..., I, with d = m. Then X, adjusted to the group
I = {11’12'13""’1771} . Then Xl = X1'X21X3'-"'Xm can be
expanded to:

XI=X11+X12 +XI3+"'+XIm. (9)

The stage to select the set [ = {I;,15,15,...,1,} is called
eigentriple grouping which is carried out by trial and error. The
trial-and-error method can be done subjectively, that is, trying
all possibilities by looking at the correlation plot or
relationship of each eigentriple.

The concept of forecasting in the SSA method is a
separation that characterizes how well different components
can separate from each other. The decomposition of SSA from
Fy series will only be successful if the additive components of
the series can be separated from each other. The natural
measurement of similarity between two series X and X
uses the W-—correlation equation which is formulated as
follows [6]:

(X(l), X(Z))
w

T e (10)
IXD, IX@,,

p(W) (X(l), X(Z)) -

with (X(l),X(Z))W =3V owixPx® and w; searched by

using:
i for0<i<Lt
w; = L forl" <i<K"
N—-i+1forK*<i<N
with L* = min (L, K) and K* = max(L, K).

I I | | I I
F2 F3 F4 F5 F6

Figure 3. Example of W-correlation plot



If the absolute value of W-correlation is small, then the
series almost meets the W-orthogonal. On the contrary, the
sequence is far from the W-orthogonal and is very separate.
So, if both reconstructed components have a W-correlation
value of zero, it means that the two components can be
separated. The W-correlation plot is used as a visualization of
the magnitude of the correlation between eigentriples [6]. The
older the color, the higher the correlation. An example of a W-
correlation plot can be seen in Figure 3.

2.2.2 Diagonal averaging

After grouping, the next stage will be transformed from the
grouping results, namely diagonal averaging. This step is done
by converting each matrix X; into a new time series with a
length of N. Suppose the matrix F is an arbitrary matrix of
LxK size with f;; elements with 1<i<L and 1<j<K, L* =
min(L,K),K* = max(L,K),and N =L+ K — 1.

fir fiz fis fx

fa1 faz fas fr+1
F=|fs1 fa f33 fr+2 (11)

: : : fr+s

fi fier fie2 fv
The matrix F is transformed into a series of
91,92, 93,---, gy through diagonal averaging with the

following formula [6]:
1 k+1
mZy;n’k_m+1,forOSk<L*—1
m=1
L*

1
W=y = Z Vieomsa for ' —1<k<K*  (12)

m=1
N-K*+1

N -k

Vikomsz for K* <k <N
m=k—K*+2

Based on Egs. (11) and (12), for example, in the matrix F is

chosen for k = 1 to give the result g; = f;4, for k = 2 gives
_ fiztfa1 _ fi3tfaztfsn

2 2 3
Meanwhile, based on Eq. (12), if applied to the X}, resultant
matrix, a series G = (gi"),gg"), . ,g,(v")) so that the

original series is decomposed into:

m
~(k
gn=zgr(1)
k=1

2.3 Linear Recurrent Formula (LRF)

for k =3 gives g3 and so on.

(13)

Forecasting in the SSA method uses LRF or known as R-
Forecasting. SSA-LRF is a non-parametric method that is
widely used for time series forecasting and does not
accommodate random behavior (noise) in the analysis set
because the goal is to separate the signal from the noise
component [18]. The time series used is the value of the
reconstruction series obtained from the averaging diagonal
results. R-Forecasting forecasting is related to the estimation
of the LRF, namely a,, a,, as, ..., a; which is an eigenvector
obtained from the SVD stage [19]. The prediction model is as
follows:
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5, i=012.,N
L-1
9= Zajgi_j,i=N+1,N+2,...,N+M (14
i=1

If for example U = (uq, Uy, ug,..., u;_q,u)’ , U” =
(uq,uz,us,...,u;_1)7, and m; is the last component of the
eigenvector U or can be written m; = u; then the LRF
coefficient can be calculated [19]:

T

ZT[,:U,:V

i=1

m = U = (aL_l, ...,az, al)T = 1 — ]]2 (15)

: 2
with v? = Y7_ m;°.

Furthermore, based on Eq. (14), a series of forecasting
results will be formed which are shown as follows:

Gnem = (91,92, 93>+ In+m) (16)

2.4 Forecasting reliability

Point forecast accuracy measures vary based on (i) the type
of error (e.g., absolute or squared) considered for their
calculation, (ii) the type of scaling (e.g., mean of the series,
first differences of the series, or relative performance against
a benchmark method) potentially used for making them scale-
independent, and (iii) the operator (e.g., mean, median, or
geometric mean) utilized for aggregating the errors across
different forecast horizons and series [20].

The degree of accuracy of forecasting methods can be
explained by comparing the values obtained from forecasting
with actual values. The accuracy of a forecasting method is
determined by the smallest value of each method, the smaller
the error value, the more accurate a method is in forecasting.
To measure forecasting accuracy, two popular measures can
be used, namely RMSE and MAAPE.

2.4.1 Root Mean Square Error (RMSE)

RMSE is the sum of squared errors or the difference
between the actual value and the predicted value that has been
determined. The equation for RMSE is as follows [21]:

RMSE = ’Z@

2.4.2 Mean Arctangent Absolute Percentage Error (MAAPE)

MAAPE is a new measure of accuracy developed by
observing Mean Absolute Percentage Error (MAPE) from
different perspectives. MAAPE measure is the slope as an
angle, while MAPE is a slope as a ratio, considering that a
triangle with adjacent and opposite sides is equal to the real
value and the difference between the actual value and the
prediction of each [22].

(17

|gi —§i|

9i

n
1
MAAPE = —Z arctan
n

i=1

(18)

In addition to using these two accuracy measures, in this
study, tests will be carried out on residual white noise in the
form of residual white noise test and normally distributed
residual test which can be seen as follows [23]:



2.4.3 Residual white noise test
The residual white noise test is written as follows:
a. Hypothesis

Ho:p1 = p2 = - = px = 0 (no residual autocorrelation)
Hy: There is at least one p; # 0 (there is a residual
autocorrelation)

b. Test statistics, namely Ljung-Box or Box-Pierce
Modified test statistics:

K a2
Pk
Q" =n(n+2) (19)

s (= 10)

c. Decision-making criteria:

If the p-value is > alpha (the level of significance set), then
H, is accepted and it can be concluded that there is no
significant residual autocorrelation whereas if the p-value is <
alpha, then Hj, rejected and it can be concluded that there is a
significant residual autocorrelation. If there is no significant
residual autocorrelation, then the model is considered suitable
for the data and is good at forecasting.

2.4.4 Normally distributed residual test

In data analysis, given that various statistical methods
assume that the distribution of the population data is normal
distribution, it is essential to check and test whether or not the
data satisfies the normality requirement [24]. The Anderson-
Darling test is a modification of the Kolmogorov-Smirnov test.
The critical values in the Kolmogorv-Smirnov test do not
depend on the specific distribution being tested, whereas the
Anderson-Darling test makes use of a specific distribution. In
the Anderson-Darling test, the hypothesis used is:

H,: Residual is normally distributed

H;: Residual is not normally distributed

The decision is that if the p-value is <a, then H,, rejected and
it can be concluded that the residual distribution of the model
is not normal while if the p-value>a (the level of significance),
then H,, accepted, that is, the residual distribution of the model
is normal [25]. In this case, it can be considered that the model
is suitable for the data modeled.

3. RESULT AND DISCUSSION
3.1 Forecasting on Case 1

The insample data in Case 1 was converted into 100 one-
dimensional data from 1900 to 1999 with the following

arrangement:
X1 0
X2 0
X3 |=10
X100 58

After the data is converted into one dimension, then
converted into multidimensional one called the X trajectory
matrix in size LxK. The optimal windows length (L) value is
taken based on the smallest forecast accuracy value with an L
value range between 2<L.<50, using the grid method by trying
the L values of 5, 10, 15, 20, 25, 30, 35, 40, 45, 45, 50 as shown
in Table 1.

A L with the minimum accuracy is 40 for the insample and

Year 1900
Year 1901
Year 1902

Year 1999
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45 for the outsample. So, in the same way, tracking is carried
out again around the values of 40 and 45 to get the most
appropriate L value. It can be seen in Table 2 below.

Table 1. Recapitulation of the results of measuring the level
of forecast accuracy for Case 1

L Insample Outsample Normalit Residual
RMSE MAAPE RMSE MAAPE Y Independence
5 181 143 2819 149 0 0.99
10 2.64 148 8715 147 0 0.09
15 317 149 4081 153 0 0.76
20 485 152 6421 155 0 0.02
25 490 152 69.12 155 0 0.03
30 491 151 6801 155 0 0
35 085 132 8380 153 0.32 0.81
40 082 130 5381 1.49 0.10 0.36
45 100 132 5054 1.46 0.21 0.48
50 1.03 132 97.18 1.54 0.28 0.42
Table 2. Forecasting accuracy of advanced Case 1
L Insample Outsample Normalit Residual
RMSE MAAPE RMSE MAAPE y Independence
40 082 130 5381 1.49 0.10 0.36
41 099 130 57.80 1.49 0.16 0.92
42 106 135 5347 145 0.21 0.83
43 097 132 4525 143 0.25 0.57
44 098 132 4913 145 0.24 0.52
45 100 132 5054 1.46 0.21 0.48

As shown in Table 2, L=43 is printed in bold which
indicates that the L value is the optimal L value because it has
the smallest accuracy value. Therefore, from the value of L
obtained, the value of K=58 is based on the equation K=N-
L+1 where the value of N=100. Furthermore, the process of
forming the X trajectory matrix is by means that the values x;
to x43 become the first column, the x, to x,, values become
the second column, and so on until the values xgg to X140
become the 58th column in the X trajectory matrix as written
as follows:

o0 o o0 - 4
x=|2 0909 1
3 3 2 2 58

Next, a search for singular value, eigenvector, and principal
component values will be carried out based on the trajectory
matrix X 43x5g) that has been obtained in the previous stage.
The first step is to create a symmetrical matrix as follows:

S = XX" = X(43x58) X X€58><43)

581 460 3560
S = 460 582 3260
3560 3260 40238

After obtaining the symmetrical matrix S(,3x43), then the
singular value, eigenvector, and principal component
(eigentriple) values that meet will be searched, the eigentriple
search is carried out by calculating the eigenvalue value,
which then from eigenvalue can be calculated singular values
by using Eq. (2) and Eq. (3) whose results are presented in
Table 3 as follows:



Table 3. Eigenvalue and singular values of Case 1

No. Eigenvalue Singular Value
1 390393.59 624.81
2 16553.64 128.66
3 6805.46 82.50

43 14.32 3.78

After the singular value is obtained, then find the
eigenvector value of the symmetric matrix S, 3x43) using Eq.
(2) whose results can be seen in Table 4 as follows:

Table 4. Eigenvector value of Case 1

No. U, U, Us U.. Uys
1 -0.03 0.04 -0.15 0.19
2 -0.02 0.04 -0.13 -0.32
3 -0.02 0.04 -0.14 0.37
43 -0.31 0.29 -0.32 -0.02

After getting the eigenvalue and eigenvector values, then
look for the principal component value by using Eq. (4) whose
results are shown in the following Table 5

Table 5. Principle component value of Case 1

No. Vv, v, Vs V.. Vs
1 -0.03 -0.01 -0.00 -0.14
2 -0.03 -0.02 -0.00 0.18
3 -0.03 -0.03 -0.01 -0.25
58 -0.31 -0.28 -0.28 0.06

Furthermore, the data reconstruction from the results of the
SVD calculation was carried out by grouping and diagonal
averaging which was carried out by grouping the eigentriple
obtained from the SVD results according to the characteristics
of each component.

From Figure 4, it can be seen that the first component is a
trend component that reflects data of 87.42% and the other
component contains seasonal patterns. To see the similarity of
characteristics more clearly, it can be seen with the help of the
W-Correlation plot. The W-Correlation plot of Case 1 can be
seen in Figure 5 below.
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5 (0.89%) | 6(0.76%) | 7 (0.64%) | 8 (0.6%)

)

17 (0.12%)

Al

26 (0.05%)

b

35 (0.01%)

W

9 (0.43%)

L

<
-
i
e
=]

/

10 (0.37%) | 11 (0.36%) | 12 (0.34%) 14 (0.26%) | 15 (0.2%) | 16 (0.13%) 18 (0.11%)

=
S

=
=
<

£
N

19 (0.09%) | 20 (0.08%) | 21 (0.08%) 23 (0.07%) | 24 (0.07%) | 25 (0.05%) )| 27 (0.05%)

=

=
=1
=
£
—
B

~N

8 (0.04%) |29 (0.04%) | 30 (0.03%) 32 (0.02%) | 33 (0.02%) | 34 (0.02%) )| 36 (0.01%)

:
i
s

£

E
i

i

37 (0.01%) | 38 (0.01%) | 39 (0.01%) | 4 41(0.01%) | 42 (0.01%) | 43 (0%)

g
b4
hi

=
Ed
i

539

F20

MTTMTMTMTTTTTM

[ A A
OO A NWRMO 0O

Figure 5. W-correlation plot of Case 1

The correlation of each component as visualized by Figure
5 can be found using Eq. (10) and the results can be seen in the
following Table 6.

Table 6. W-correlation value of Case 1

Components F1 F2 Fs3 Fn Fas3
F1 1.000 0.116 0.067 0.000
F2 0.116 1.000 0.577 0.000
Fs 0.067 0.577 1.000 0.000
Fas 0.000 0.000 0.000 1.000

From Figure 5 and Table 6, it can be concluded that of the
43 components can be grouped into 18 groups based on the
high and low correlation of each eigentriple. The height of the
correlation can be seen based on the color of each component's
slices, where the darker the correlation, the higher the
correlation.

By using Eq. (11) and Eq. (12). The results of the diagonal
averaging of the grouping stage can be seen in the following
Table 7

Table 7. Diagonal averaging Case 1

Z
o

O WN R

Diagonal Averaging
-0.02
-0.59
-0.33
0.17
0.70

100 57.46

After the averaging diagonal calculation is obtained, then
using the R-Forecasting method, namely Eqs. (14)-(16),
forecasting can be calculated on the outsample data shown in
Table 8.

3.2 Forecasting on Case 2

The insample data in Case 2 was converted into one-



dimensional data as many as 106 data from 1900 to 2005 with
the following arrangement:

Year 1900 X1 0
Year 1901 X2 0
Year 1902 =] %3 (= O
Year 2005 X106 142

After the data is converted into one dimension, then
converted into multidimensional called the X trajectory matrix
in LxK size. The optimal Windows Length (L) value is taken

based on the smallest forecast accuracy value with a range of
L values between 2<.<53, as shown in Table 9.

Table 8. SSA forecast results for Case 1

No. Year Current Predictions Difference
1 2000 71 86.45 15.45
2 2001 60 111.27 51.27
3 2002 59 63.24 4.24
4 2003 81 82.87 1.87
5 2004 103 120.33 17.33
6 2005 142 131.83 10.17
7 2006 97 100.48 3.48
8 2007 115 149.30 34.30
9 2008 113 116.31 3.30
10 2009 76 150.29 74.29
11 2010 120 126.74 6.74
12 2011 110 178.61 68.61
13 2012 103 87.23 15.77
14 2013 127 94.10 32.90
15 2014 139 136.77 2.23
16 2015 122 140.46 18.46
17 2016 116 39.80 76.20
18 2017 112 134.79 22.79
19 2018 138 112.89 25.11
20 2019 134 78.13 55.87
21 2020 121 26.43 94.57
22 2021 123 232.35 109.35
23 2022 128 86.42 41.58
24 2023 98 96.86 1.14

RMSE 45.25
MAAPE 1.43

Table 9. Recapitulation of the results of measuring the level
of forecast accuracy for Case 2

L Insample Outsample Normality Residual
RMSE MAAPE RMSE MAAPE Independence
5 579 148 21921 155 0 0.33
10 6.65 150 105.10 1.46 0 0.70
15 7.25 146 7295 143 0 0.15
20 1.37 1.34 12249 153 0 0.48
25 6.76 152 10396 1.48 0 0.49
30 0.86 125 7471 146 0.37 0.55
35 097 128 6745 153 0.40 0.86
40 088 124 6332 152 0.49 0.35
45 084 123 6278 152 0.35 0.40
50 0.79 121  59.77 143 0.28 0.34

Obtained L with the minimum accuracy is 50. So, in the
same way, tracking is carried out again around the values of
45 and 53 to get the most appropriate L value. It can be seen
in the following Table 10.

As shown in Table 10, L=46 is printed in bold which
indicates that the L value is the optimum L value because it
has the smallest average accuracy value. Therefore, from the
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L value obtained, the value of K=61 is produced based on the
equation K=N-L+1 where the value N=106.

Table 10. Forecasting accuracy of advanced Case 2

Insample Outsample Residual

L RMSE MAAPE RMSE MAAPE "™ | dependence
46 095 124 5173 146 045 0.99
47 096 125 5226 146 041 0.92
48 097 125 5193 146 045 0.84
49 104 127 5207 146 031 0.50
50 079 121 5977 143 028 0.34
51 1.00 125 5175 137 023 0.69
52 092 124 8629 150  0.12 0.35
53 117 133 9655 155  0.35 0.07

Furthermore, the process of forming the X trajectory matrix
is by means that the values x; to x,¢ become the first column,
the values x, to x4, become the second column, and so on
until the values x4, t0 X406 become the 61st column in the X
trajectory matrix as written below:

0000 1
x=) 7000
2 3 1 1 142

Next, the search for singular value, eigenvector, and
principal component values will be carried out based on the
trajectory matrix X4exe1) that has been obtained in the
previous stage. The first step is to create a symmetrical matrix
as follows:

S = XX" = X(46x61) X X€61x46)

592 468 4648
S = 468 596 4513
4648 4513 89672

After obtaining the symmetrical matrix S46x46), then the
singular value, eigenvector, and principal component
(eigentriple) values will be searched for which satisfies, the
eigentriple search is carried out by calculating the eigenvalue
value, which then from eigenvalue can be calculated the
singular value values by using Eq. (2) and Eq. (3) whose
results are presented in Table 11 as follows:

Table 11. Eigenvalue and singular values of Case 2

No. Eigenvalue Singular Value
1 724596.48 851.23
2 20465.51 143.06
3 16372.70 127.96
46 18.47 4.30
Table 12. Eigenvector value of Case 2
No. U, U, Us U.. Use
1 -0.02 -0.05 -0.03 0.29
2 -0.02 -0.05 -0.03 -0.46
3 -0.02 -0.05 -0.02 0.29
46 -0.34 -0.11 -0.54 0.00




After the singular value is obtained, then find the
eigenvector value of the symmetrical matrix S4x46) USIng
Eq. (2) which can be seen in Table 12.

After obtaining the eigenvalue and eigenvector values, then
look for the principal component value by using Eq. (4) whose
results are shown in the following Table 13.

Table 13. Principle component value of Case 2

Vi
-0.02
-0.02
-0.02

V,
0.02
0.03
0.03

0.04
0.04
0.04

Vie

0.01
-0.00
0.11

e W N

-0.34 0.08 -0.54 -0.07

Furthermore, the data reconstruction from the results of the
SVD calculation by grouping and diagonal averaging is
carried out by grouping the eigentriple obtained from the SVD
results according to the characteristics of each component. The
selection of group members can be done by looking at the plot
of the eigentriple. The following is shown the plot of each
eigentriple with the value of i=1, 2, 3, ..., 46.

From Figure 6, it can be seen that the first component is a
trend component that reflects data of 89.37% and the other
component contains seasonal patterns. Grouping that is done
by looking at plots from eigentriple is subjective. So there are
several data patterns whose characteristics are difficult to
distinguish. The W-Correlation plot of Case 2 can be seen in
Figure 7 below.
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Figure 6. Eigentriple plot of Case 2
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Figure 7. W-correlation plot of Case 2

The correlation of each component as visualized by Figure
7 can be found using Eq. (10) and the results can be seen in the
following Table 14.

Table 14. W-correlation value of Case 2

Components F1 ) Fs3 F, Fae
F1 1.000 0.074 0.049 0.000
F2 0.074 1.000 0.635 0.000
Fs 0.049 0.635 1.000 -0.001
Fas 0.000 0.000 -0.001 1.000

Table 15. Diagonal averaging Case 2

Z
o

O WN

Diagonal Averaging
0.18
-0.70
-0.60
0.29
0.69

106 141.65

From Figure 7 and Table 14, it can be concluded that the 46
components can be grouped into 20 groups based on the high
and low correlation of each eigentriple. The height of the
correlation can be seen based on the color of each component's
slices. where the darker the correlation, the higher the
correlation.

By using Eq. (11) and Eq. (12), the results of the diagonal
averaging of the grouping stage can be seen in Table 15.
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After the averaging diagonal calculation is obtained, then
using the R-Forecasting method, namely Egs. (14)-(16). the
forecast can be calculated on the outsample data shown in
Table 16 below:

Table 16. SSA forecast results for Case 2

than 0=0.05. Therefore, L is obtained with the minimum
accuracy of 50. So, in the same way, tracking is carried out
again around the values of 45 and 55 to get the most
appropriate L value. It can be seen in Table 18 below:

Table 18. Forecasting accuracy of advanced Case 3

No. Year Actual Predictions Difference
1 2006 97 43.84 53.16
2 2007 115 128.16 13.16
3 2008 113 97.16 15.84
4 2009 76 92.46 16.46
5 2010 120 121.88 1.88
6 2011 110 118.93 8.93
7 2012 103 93.95 9.04
8 2013 127 122.91 4.09
9 2014 139 100.56 38.44

10 2015 122 161.16 39.16
11 2016 116 19.60 96.40
12 2017 112 151.52 39.52
13 2018 138 120.18 17.82
14 2019 134 43.91 90.09
15 2020 121 92.28 28.72
16 2021 123 229.29 106.29
17 2022 128 125.06 2.94
18 2023 98 198.12 100.12

RMSE 51.72
MAAPE 1.46

3.3 Forecasting on Case 3

The insample data in Case 3 was converted into one-
dimensional data as many as 112 data from 1900 to 2011 with
the following arrangement:

Year 1900 X1 0
Year 1901 X2 0
Year 1902 =] %3 [=| O
Year 2011 X112 110

After the data is converted into one dimension, then
converted into multidimensional called the X trajectory matrix
measuring LxK. The optimal Windows Length (L) value is
taken based on the smallest forecast accuracy value with a
value range of L between 2<L<55, using the grid method by
trying the L values of 5, 10, 15, 20, 25, 30, 35, 40, 45, 50, 55.
as shown in Table 17.

Table 17. Recapitulation of the results of measuring the level
of forecast accuracy for Case 3

L Insample Qutsample Normalit Residual
RMSE MAAPE RMSE MAAPE y Independence

5 341 142 2857 134 0 0

10 4.18 143 7962 152 0 0.01
15 3.58 144 4937 146 0 0.56
20 3.18 142 4564 1.37 0 0.28
25 166 135 8216 152 0 0.01
30 3.26 143 5537 151 0 0.12
35 275 143 5380 151 0 0.06
40 1.16 1.28 64.81 1.52 0.74 0.36
45 1.02 126 6047 153 0.56 0.29
50 0.91 119 58.67 153 0.30 0.29
55 0.94 119 8049 142 0.09 0.04

L Insample Outsample Normalit Residual
RMSE MAAPE RMSE MAAPE Y Independence
46 086 117 56.56 1.50 0.69 0.57
47 088 118 5525 153 0.73 0.54
48 089 118 55.94 147 0.66 0.44
49 090 119 56.59 1.52 0.43 0.35
50 091 119 5867 153 0.30 0.29
51 084 116 6041 1.48 0.09 0.18
52 086 116 61.07 1.40 0.08 0.15
53 0.83 113 5767 151 0.06 0.24
54 0.89 116 6265 151 0.05 0.10

In Table 17, L with values of 5, 10, 15, 20, 25, 30, and 35
has abnormal residuals because the p-value obtained is less

As shown in Table 18, L=47 is printed in bold which
indicates that the L value is the optimal L value because it has
the smallest average accuracy value. Therefore, from the value
of L obtained, the value of K=66 is based on the equation
K=N-L+1 where the value of N=112. Furthermore, the process
of forming the X trajectory matrix is by means that the values
X; to x,; become the first column, the values x, to X,g
become the second column and so on until the values x44 to
X112 become the 66th column in the X trajectory matrix as
written as follows:

0o 0 o0 o0 - 6
x=0 92900~ 7
31 1 4 -- 110

Next, the search for singular value, eigenvector, and
principal component values is carried out based on the
trajectory matrix X(47x66) that has been obtained in the
previous stage. The first step is to create a symmetrical matrix
as follows:

694 542 .. 7070
g_|542 695 .. 6845
7070 6845 157347

After obtaining the symmetrical matrix §47x47), then the
singular value, eigenvector, and principal component
(eigentriple) values will be searched that meet, the eigentriple
search is carried out by calculating the eigenvalue value,
which then from eigenvalue can be calculated the singular
values by using Eq. (2) and Eq. (3) whose results are presented
in Table 19 as follows:

Table 19. Eigenvalue and singular value of Case 3

No. Eigenvalue Singular Value
1 1444133 1201.72

2 24829.94 157.58
3 21120.39 145.33

47 22.33 4.73

After the singular value is obtained, then find the
eigenvector value of the symmetric matrix S,7x47) using Eq.
(2) whose results can be seen in Table 20 as follows.



Table 20. Eigenvector value of Case 3

No. Uy U, Us U.. Uyy
1 -0.01 0.02 -0.04 -0.13
2 -0.01 0.02 -0.03 0.22
3 -0.02 0.03 -0.03 -0.26
47 -0.32 0.15 0.17 0.03

After obtaining the eigenvalue and eigenvector values, then
find the principal component value by using Eq. (4) which is
the result in Table 21.

Furthermore, the data reconstruction from the results of the
SVD calculation by grouping and diagonal averaging by

grouping the eigentriple obtained from the SVD results
according to the characteristics of each component. The
selection of group members can be done by looking at the plot
of the eigentriple.

Table 21. Principle component value of Case 3

No. vy Vv, V3 V.. Vs
1 -0.01 -0.04 -0.01 0.18
2 -0.01 -0.04 -0.00 -0.21
3 -0.01 -0.05 -0.00 0.20
66 -0.32 0.16 -0.16 0.01
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Figure 8. Eigentriple plot Case 3
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Figure 9. W-correlation plot of Case 3
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From Figure 8, it can be seen that the first component is a
trend component that reflects data of 91,41% and the other
component contains seasonal patterns. Grouping that is done
by looking at plots from eigentriple is subjective. The W-
Correlation plot of Case 3 can be seen in Figure 9.

The correlation of each component as visualized by Figure
10 can be searched using Eq. (10) and the results can be seen
in the following Table 22.

Table 22. W-correlation value of Case 3

Components F1 F2 Fs F, Fa7
F1 1.000 0.038 0.042 .- 0.000
F2 0.038 1000 0937 .- 0.000
Fs 0.042 0937 1000 - 0.000
Far 0.000 0.000 0.000 -~ 1.000

From Figure 9 and Table 22, it can be concluded that the 47
components can be grouped into 23 groups based on the high
and low correlation of each eigentriple. The height of the
correlation can be seen based on the color of each component's
slices, where the darker the correlation, the higher the
correlation. Using Eq. (11) and Eq. (12), the diagonal
averaging results of the grouping stage can be seen in Table
23.



Table 23. Diagonal averaging Case 3

P
o

Ol WN

Diagonal Averaging
0.19
-0.69
-0.66
0.34
0.60

112 109.83

Table 24. SSA forecast results for Case 3

Table 26. Forecasting accuracy of advanced Case 4

L Insample Outsample Normalit Residual
RMSE MAAPE RMSE MAAPE y Independence
51 1.06 122 2965 141 0.35 0.85
52 1.07 123 2883 144 0.30 0.58
53 1.08 123 2567 1.29 0.25 0.44
54 1.10 122 2548 148 0.25 0.32
55 1.10 122 2548 148 0.25 0.32
56 1.12 123 2515 149 0.25 0.18
57 113 122 2523 143 0.26 0.10
58 1.14 123 2594 146 0.27 0.07
59 115 123 2992 144 0.28 0.06

No. Year Actual Prediction Difference
1 2012 103 88.69 14.31
2 2013 127 177.13 50.13
3 2014 139 164.42 25.42
4 2015 122 105.37 16.63
5 2016 116 80.17 35.83
6 2017 112 49.19 62.81
7 2018 138 77.81 60.19
8 2019 134 54.60 79.40
9 2020 121 79.73 41.27

10 2021 123 244.07 121.07

11 2022 128 143.18 15.18

12 2023 98 133.25 35.25

RMSE 55.25
MAAPE 1.53

After the diagonal averaging calculation is obtained, then
using the R-Forecasting method, namely Eq. (14), Eq. (15),
and Eq. (16), the forecast can be calculated on the outsample
data shown in Table 24.

3.4 Forecasting on Case 4

The insample data in Case 4 was converted into one-
dimensional data of 118 data from 1900 to 2017 with the
following arrangement.

Year 1900 X1 0
Year 1901 X2 0
Year 1902|=| X3 [=] 0
Year 2017 X118 112

After the data is converted into one dimension, then
converted into multidimensional called an X trajectory matrix
measuring LxK. The optimal Windows Length (L) value is
taken based on the smallest forecast accuracy value with a
value range of L between 2<L<55, using the grid method by
trying the L values, as shown in Table 25.

Table 25. Recapitulation of the results of measuring the level
of forecast accuracy for Case 4

L Insample Qutsample Normalit Residual
RMSE MAAPE RMSE MAAPE y Independence

5 7.29 1.49 3116 1.34 0 0.09
10 4.29 143 37.05 153 0 0

15 455 1.44 3279 152 0 0

20 4.84 1.45 65.52 1.52 0 0.02
25 3.87 1.46 50.40 1.33 0 0.01
30 1.01 1.24 40.48 1.46 0.09 0.79
35 1.47 1.30 55.00 1.46 0.08 0.05
40 1.49 1.30 95.87 154 0.11 0.22
45 1.12 1.24 59.12 1.52 0.64 0.97
50 0.96 1.16 36.04 151 0.34 0.20
55 1.10 1.22 2548 1.48 0.25 0.32

544

In Table 25, L with values of 5, 10, 15, 20, and 25 has
abnormal residuals because the p-value obtained is less than
a=0.05. Therefore, obtained L with the minimum accuracy is
55. So, in the same way, tracking is carried out again around
the value of 55 to get the most appropriate L value. It can be
seen in Table 26.

As shown in Table 26, L=56 is bolded which indicates that
the L value is the optimum L value because it has the smallest
average accuracy value. Therefore, from the value of L
obtained, the value of K=63 is produced based on the equation
K=N-L+1 where the value of N=118. Furthermore, the process
of forming the X trajectory matrix is by means that the values
X; to xgg become the first column, the values x, to X5,
become the second column and so on until the values x45 to
X115 become the 63rd column in the X trajectory matrix as
written as follows:

0o 0 o0 o0 - 1
x=[ 990 0
3 2 4 1 112

Next, the search for singular value, eigenvector, and
principal component values will be carried out based on the
trajectory matrix X(sexe3) that has been obtained in the
previous stage.

597 476 8051
S = 476 633 8368
8051 8368 244197

After obtaining the symmetrical matrix S(s¢x56), then the
singular value, eigenvector, and principal component
(eigentriple) values will be searched that meet, the eigentriple
search is carried out by calculating the eigenvalue value, then
from eigenvalue the singular values can be calculated using
Eq. (2) and Eq. (3) whose results are presented in Table 27.

Table 27. Eigenvalue and singular values of Case 4

No. Eigenvalue Singular Value
1 2628656 1621.31
2 33154.67 182.08
3 24824.69 157.56

56 11.43 3.38

After the singular value is obtained, then find the
eigenvector value of the symmetric matrix §(s¢x56) using Eq.
(2) whose results can be seen in Table 28.



Table 28. Eigenvector value of Case 4

No. Uy U, Us U.. Use
1 -0.01 -0.01 -0.00 0.38
2 -0.01 -0.01 -0.00 -0.31
3 -0.01 -0.01 -0.01 -0.16

56 -0.30 -0.40 -0.05 -0.07

Table 29. Principle component value of Case 4

No. vy Vv, A V.. Vse
1 -0.01 -0.00 0.04 -0.02
2 -0.01 -0.00 0.03 -0.09
3 -0.01 -0.01 0.03 -0.13
63 -0.30 0.40 0.06 0.02

After obtaining the eigenvalue and eigenvector values, then

find the principal component value by using Eq. (4) whose
results are shown in Table 29.

Furthermore, the data reconstruction from the results of the
SVD calculation was carried out by grouping and diagonal
averaging which was carried out by grouping the eigentriple
obtained from the SVD results according to the characteristics
of each component. The selection of group members can be
done by looking at the plot of the eigentriple. The following is
shown the plot of each eigentriple with a value of i=1, 2, 3, ...,
56.

From Figure 10, it can be seen that the first component is a
trend component that reflects data of 92.89% and the other
component contains seasonal patterns (Only a maximum of 50
can be displayed). Grouping that is done by looking at plots
from eigentriple is subjective. So there are several data
patterns whose characteristics are difficult to distinguish. To
see the similarity of characteristics more clearly, it can be seen
with the help of the W-Correlation plot. The W-Correlation
plot of Case 4 can be seen in Figure 11.
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Figure 10. Eigentriple plot Case 4
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Figure 11. W-correlation plot of Case 4
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The correlation of each component as visualized by Figure
11 can be searched using Eq. (10) and the results can be seen
in the following Table 30.

Table 30. W-correlation value of Case 4

Components F1 F2 Fs F, Fse
F1 1.000 0.029 0.032 0.000
F2 0.029 1.000 0.676 0.000
Fs 0.032 0.676 1.000 0.000
Fse 0.000 0.000 0.000 1.000

Table 31. Diagonal averaging Case 4

No. Diagonal Averaging

0.44
-0.29
-0.24

0.41

0.54

O WN R

118 111.63




Table 32. SSA forecast results for Case 4

No. Year Actual Prediction Difference

1 2018 138 148.77 10.77
2 2019 134 94.74 39.26
3 2020 121 103.49 17.51
4 2021 123 161.48 38.48
5 2022 128 111.31 16.69
6 2023 98 89.59 8.41
RMSE 25.15

MAAPE 1.49

From Figure 8 and Table 30, it can be concluded that of the
56 components can be grouped into 23 groups based on the
high and low correlation of each eigentriple. The height of the
correlation can be seen based on the color of each component's
slices, where the darker the correlation, the higher the
correlation. The results of the diagonal averaging of the
grouping stage can be seen in Table 31.

After the averaging diagonal calculation is obtained, then
using the R-Forecasting method, the forecast can be calculated
on the outsample data shown in Table 32 in the form of
forecast results for the outsample data.

3.5 Discussion

The performance of SSA is evaluated using four different
cases, each with varying proportions of training and testing
data. The higher RMSE here reflects slightly larger deviations
in predictions, particularly for testing years with higher
seismic variability. However, MAAPE remains stable,
emphasizing the model’s robustness in interpreting low actual
values. For case 3, produced the highest RMSE, indicating
more significant prediction errors. This could be attributed to
the shorter test period capturing more recent seismic
fluctuations. The slightly higher MAAPE also suggests
challenges in maintaining angular prediction consistency for
these years. Subsequently, for Case 4 (1900—2017 training,
2018-2023 testing): Case 4 achieved the lowest RMSE,
demonstrating the highest predictive accuracy. This result
suggests that the SSA model performed exceptionally well
with a larger training set (spanning nearly the entire dataset)
and a shorter test set. Although MAAPE is slightly higher than
in case 1, the values still indicate reliable performance.
Interpretation and Real-World Implications These results
highlight the strengths and limitations of SSA across different
data configurations. RMSE provides a granular understanding
of the magnitude of prediction errors, emphasizing the
importance of accurate forecasts in years with higher
earthquake frequencies. Meanwhile, MAAPE underscores the
reliability of the model in interpreting data with extreme
values, a crucial feature for seismic hazard assessments in the
Sumatra subduction zone. In practice, lower RMSE values,
such as those observed for Case 4, are desirable as they signify
better alignment between predictions and observed
frequencies. However, MAAPE’s stability across all pairs
confirms the SSA model’s robustness, even in scenarios with
low earthquake frequencies or significant variability. This
robustness ensures that SSA predictions can be trusted for real-
world applications, such as disaster preparedness and resource
allocation. By combining RMSE and MAAPE, this study not
only assesses statistical performance but also links these
metrics to practical considerations in seismic forecasting. The
findings validate SSA’s capability to provide reliable
earthquake frequency forecasts, thereby supporting efforts to
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mitigate risks and improve readiness in one of the world’s
most seismically active regions.

The forecasting results of this study hold significant
practical implications, particularly in supporting disaster risk
management in the highly active Sumatra subduction zone.
Accurate forecasts of earthquake frequency can improve the
effectiveness of early warning systems by providing
actionable insights into seismic trends. By understanding the
likely frequency of earthquake events within a given time
frame, authorities can enhance real-time monitoring systems
and optimize their preparedness for potential earthquakes.
This is particularly valuable in mitigating cascading effects,
such as tsunamis, which often follow large-magnitude
earthquakes in this region. For instance, the model’s ability to
predict earthquake frequencies with low RMSE (as observed
in Case 4) ensures a higher degree of confidence in early alerts,
allowing communities in high-risk areas to evacuate in time
and minimize loss of life. In addition, one of the critical
challenges during seismic events is the efficient allocation of
emergency resources, such as medical aid, search and rescue
teams, and temporary shelters. Forecasting earthquake
frequency enables disaster management agencies to identify
periods of heightened seismic activity and allocate resources
proactively. This reduces response times and enhances the
overall effectiveness of emergency operations. For example,
the predictive results for testing years (e.g., RMSE=25.15 for
Case 4) could guide the pre-positioning of emergency supplies
in regions with historically higher seismic activity, such as the
Mentawai segment of the Sumatra subduction zone.

Our study’s critical analysis of cases explores the
performance and implications of different in-sample and out-
sample compositions in forecasting earthquake frequency
using SSA. Four data configurations (80%-20%, 85%-15%,
90%-10%, and 95%-5%) were tested, revealing that Case 3
(90%-10%) offered the best balance, achieving the lowest
RMSE and MAAPE for in-sample predictions. This optimal
balance ensured reliable forecasts without sacrificing
adaptability, while larger training sets like Case 4 (95%-5%)
enhanced out-sample accuracy but struggled with recent
seismic fluctuations. Notably, MAAPE’s stability across all
cases underscored SSA’s reliability in handling data
variability and extreme events. These findings have significant
real-world implications, particularly for seismic hazard
assessments in the Sumatra subduction zone. Improved
predictive accuracy supports early warning systems, enabling
timely evacuations and proactive resource allocation in high-
risk areas like the Mentawai segment. The low RMSE
achieved in testing years exemplifies the SSA model’s
potential to align closely with observed earthquake patterns,
providing actionable insights for disaster preparedness. This
analysis validates SSA’s robustness and utility, offering a
foundation for further integration with advanced techniques to
enhance forecasting methodologies and risk mitigation
strategies.

This study acknowledges several limitations of the SSA
approach for earthquake frequency forecasting in the Sumatra
subduction zone. One notable challenge is the risk of
overfitting, particularly with configurations that utilize high
in-sample percentages, such as Case 4 (95%-5%). While this
configuration improves in-sample predictive accuracy, it can
reduce the model's ability to generalize effectively to unseen
data. To address this, balanced data splits and robust cross-
validation methods are essential to enhance model reliability
and applicability. Additionally, predicting extreme seismic



events, such as megathrust earthquakes, presents significant
difficulties. These rare, high-impact events often deviate from
the historical patterns captured by time-series models like
SSA, limiting the model’s effectiveness in these scenarios. To
overcome these challenges, future research should focus on
integrating SSA with advanced techniques such as machine
learning models, which can leverage complex patterns from
large datasets. Incorporating geophysical data, including
tectonic stress distributions and surface deformation
measurements, could further enhance the model’s predictive
power. Expanding the application of this approach to other
tectonic regions would also test its generalizability and
provide comparative insights. By addressing these limitations,
future efforts can refine SSA-based forecasting, ensuring its
robustness in capturing both routine seismic patterns and rare,
extreme events. These advancements hold the potential to
improve disaster risk management and preparedness in
earthquake-prone regions.

4. CONCLUSIONS

This study demonstrates that SSA is an effective method for
modeling and predicting earthquake frequency in the Sumatra
subduction zone, a region with significant tectonic activity.
The findings highlight SSA’s ability to analyze complex, non-
linear, and non-stationary time series data, offering a novel
approach to earthquake forecasting. A key contribution of this
research lies in its comprehensive evaluation of four different
insample-outsample data splits, which revealed that a 90%
insample and 10% outsample composition provided the best
performance for insample predictions. Additionally, the study
underscores the practical relevance of SSA in addressing
disaster preparedness in one of the world's most hazardous
seismic zones. However, the reliability of SSA depends
heavily on the availability of high-quality historical data, and
its ability to forecast extreme events, such as megathrust
earthquakes, remains uncertain due to the complexity of
tectonic dynamics.

Future research could enhance SSA’s predictive capabilities
by integrating it with techniques such as Machine Learning or
statistical models like ARIMA or GARCH, applying it to other
seismic regions to test its generalizability, and incorporating
additional geophysical data such as tectonic stress or surface
deformation. These advancements could broaden the
applicability of SSA in disaster mitigation and improve
preparedness in earthquake-prone regions.
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