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Abstract

This study proposes a new approach using the PELT-ensemble NARX hybrid method for short-term forecasting of time series data containing
change points (CPs). The Pruned Exact Linear Time (PELT) method was employed to detect CPs and to determine cut-off points for the
observation data, while the ensemble Nonlinear Autoregressive Neural Network with External Inputs (NARX) was used for forecasting. The
method was applied to health data, specifically confirmed Covid-19 cases in the provinces of Java and Bali, Indonesia, from March 2020 to
October 2021. Several Covid-19-related variables such as the number of recovered cases and deaths, and the weather variables, i.e., the maximum
temperature, the average temperature, and humidity, are used as external inputs for the NARX model. The results indicate that the PELT method
effectively identified the first day in the last segmentation for each province, and subsequent forecasting using the ensemble NARX method
achieved high accuracy. Forecasting performance was evaluated using the Mean Absolute Percentage Error (MAPE) and several other metrics,
showing that the PELT-ensemble NARX hybrid method significantly outperformed the single NARX approach and other forecasting methods,
i.e. Exponential Smoothing, Autoregressive Integrated Moving Average (ARIMA) and Long Short-Term Memory (LSTM) model. These findings
highlight the effectiveness of integrating change point detection with ensemble neural network modelling to substantially improve short-term
forecasting accuracy for time series subject to structural change.
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1. Introduction

Time series forecasting is an important analytical task for predicting future values based on historical observations. It
has been widely applied in various domains, including economics, business, finance, public health, and epidemiology,
e.g.,in[1],[2],[3], [4]. Forecasting methods can generally be grouped into statistical approaches and machine learning-
based approaches. Statistical methods commonly rely on assumptions regarding the structure and distribution of the
data [1], [2], whereas machine learning approaches are more flexible in capturing complex and nonlinear patterns [3].
Among machine learning models, Artificial Neural Networks (ANNs) have been widely used for time series forecasting
because of their ability to approximate nonlinear relationships in sequential data. One of the ANN-based models
frequently used for time series forecasting is the Nonlinear Autoregressive Neural Network with External Inputs
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(NARX) [5],[6],[71, [8], [9]. The NARX model extends the autoregressive neural network framework by incorporating
exogenous variables into the learning process. This characteristic allows the model to capture both temporal
dependence from past observations and additional information from external factors. Therefore, NARX is considered
suitable for forecasting dynamic processes influenced by multiple explanatory variables. In practice, NARX can be
implemented using either parallel or series-parallel architecture. This study focuses on the series-parallel architecture
because it uses actual observed values as regressors during the training process and is commonly applied in supervised
forecasting settings [8], [9].

However, many real-world time series data contain structural changes or change points that may alter their statistical
properties over time. A change point refers to a time location at which the underlying characteristics of a sequence of
observations change, such as changes in mean, variance, or distributional pattern [10], [11], [12], [13]. When change
points occur, a forecasting model trained on the entire historical series may incorporate outdated patterns that are no
longer relevant to the most recent data structure. Consequently, ignoring change points may reduce forecasting
accuracy and produce biased short-term predictions. Several change point detection methods have been introduced in
the literature, including Binary Segmentation [10], Neighborhood Segmentation [11], Optimal Partitioning [12], and
Pruned Exact Linear Time (PELT) [13]. In this study, the PELT algorithm will be used because it enables multiple
change point detection through an exact optimization approach while maintaining computational efficiency using a
pruning mechanism. Compared with the Binary Segmentation method, which performs sequential partitioning or other
approaches, PELT evaluates the overall data structure to obtain a segmentation solution that is optimal with respect to
the selected cost function and penalty criterion. Therefore, it is considered more suitable for repeated segmentation
processes within the modeling framework employed in this study.

The Covid-19 pandemic provides an important example of a time series process with changing data patterns. Confirmed
Covid-19 cases have shown multiple waves, shifts, and regional variations across different periods and locations [7],
[14],[15],[16],[17], [18], [19]. In Indonesia, the provinces of Java and Bali recorded a large proportion of confirmed
cases, making them relevant empirical settings for evaluating short-term forecasting models [7], [14], [15], [16], [17].
The dynamics of Covid-19 cases may be influenced by several external factors, including environmental conditions.
Previous studies have reported associations between weather variables, such as temperature and humidity, and Covid-
19 transmission patterns [20], [21], [22], [23].

Although NARX has been applied in previous forecasting studies (e.g., [7], [8], [9]), its performance may be limited
when the time series contains change points. Conversely, change point detection alone does not directly provide future
predictions. This study addresses this methodological gap by integrating PELT and ensemble NARX into a hybrid
forecasting framework. In the proposed approach, PELT is used as an initial segmentation procedure to detect change
points and identify the most recent statistically homogeneous segment of the data. Subsequently, ensemble NARX is
applied to the last segment to produce short-term forecasts. This integration is expected to reduce the influence of
obsolete historical patterns and improve forecasting accuracy for time series data containing change points.

Therefore, the main contribution of this study is the development of a PEL T—ensemble NARX hybrid method for short-
term forecasting of time series data with change points. The proposed method is empirically evaluated using confirmed
Covid-19 case data from seven provinces in Java and Bali, Indonesia, with weather variables (maximum temperature,
average temperature, and humidity) and Covid-19-related variables (i.e., the number of recovered cases and deaths)
included as exogenous inputs. The forecasting performance of the proposed method is compared with the standard
NARX approach to examine whether incorporating change point-based segmentation can improve prediction
accuracies. The remainder of this paper is organized as follows. Section 2 reviews the theoretical background of the
PELT method and the NARX model, followed by the proposed hybrid forecasting procedure. Section 3 describes the
empirical results and analysis. Finally, Section 4 provides the conclusions of the study.

2. Literature Review

2.1. Pruned Exact Linear Time (PELT) Method

In statistical analysis, change point detection attempts to identify the time when the probability distribution of a
stochastic process or time series changes. Additionally, change point detection involves detecting the number and
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location of change points, which are locations in the data where some statistical property, such as the mean or variance,
changes. Change point analysis can be applied in various fields, such as finance, oceanography, epidemiology, quality
control, genetics, and others (see, e.g., [10], [11], [12], [13], [24], [25]). One application of change point detection
using the PELT method was presented in [24], which analyzed time series data in oceanography to automatically
identify the beginning and end of the hurricane season.

Suppose that the observed series is denoted by y;.,, = (1, V2, ..., V), Where n denotes the total number of observations.
Let there be m distinct change points in y;., such that T = 7., = (t1,72, ..., T), With 0 = 7, < 7y < -+ < 7, <
Tm+1 = n. Thus, the observations are partitioned into m + 1 segments, where the i-th segment consists of
(yrl._1+1, ...,yTl.).The PELT method proposed in [13] determines the optimal segmentation by minimizing the
following penalized cost function:

min{SI (€0 i) + A1) .

C(+) denotes the segment cost function, f is the penalty parameter used to avoid overfitting, and T}, represents the set
of all possible segmentations. The cost function can be formulated to detect changes in the mean, variance, both the
mean and variance, or more general distributional characteristics. In this study, the segmentation procedure is based on
a variance-sensitive cost function. To avoid over-segmentation, a penalty term is incorporated, with commonly used
criteria including the Akaike Information Criterion (AIC), with § = 2p, and the Bayesian Information Criterion (BIC),
with § = plogn, where p denotes the number of additional parameters introduced by adding one change point. In this
study, the penalty parameter was determined using the Modified BIC (MBIC). The MBIC penalty is an extension of
the BIC that includes an extra term to account for the spacing of the change points. It can be approximated in practice
by using the value f = 3logn as the penalty. The PELT method is developed from the Optimal Partitioning (OP)
framework. Define F(n) as the minimum segmentation cost obtained for observations up to time n, with initialization

F(0) = —p. (2)
The recursive representation of the OP method is expressed as
F(n) = min{F (7) + CGrs1n) + B} (3)

Equation (2) represents the recursive formulation of the Optimal Partitioning method and serves as the basis for the
pruning mechanism in PELT. To improve computational efficiency, PELT applies a pruning strategy that removes
candidate change points that cannot become part of the global optimal solution. Based on the theorem in [13], assume
there exists a constant K such that, for every T < s < n, where s denotes an intermediate candidate change point, the
following condition holds:

CVri1s) + CUst1m) + K < C(Vry1n)- 4)
If
F(7) + C(yr+15) + K 2 F(s), )
then, for any future observation n > s, the point T will never become the most recent optimal change point before n.

Therefore, T can be removed from further optimization steps without affecting the global optimal solution. The PELT
algorithm applied in this study consists of the following steps:

Algorithm 1. Pruned Exact Linear Time (PELT) Algorithm for Multiple Change Point Detection
Prepare the observation data y,, y,, ..., V.

Specify the segment cost function according to the characteristics of the data.
Select the penalty parameter £3.

Determine the constant K satisfying Equation (3).

Initialize F(0) = —p, cp(0) = @, and R, = {0}.

For each candidate t* = 1,2, ..., n:

(a) Compute F(z*) = Trggg [F(®) + C(Ye14°) + B

(b) Determine 7V = arg min [F(®) + CWrp1) + B
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(c) Update cp(z*) = [ep(t ), 7@,
(d) Update the candidate set Ry 1 = {T € R+ U {7} F(T) + C(Vy41:0) + K < F(7)}
7. Obtain the final change points from cp(n).

2.2. NARX Model

The nonlinear autoregressive neural network with external inputs (NARX) model is a discrete-time nonlinear system
defined as [26]:

y(®) = f(&YVe-1,Ye-2, + Ve-ny ©

Upy Up—q, ooy Upmp, s W) + €(D),

¥t and u; denote the model's output and input at time ¢, respectively, n,, = 1 and n,, = 1 are the maximum memory
orders of the input and output, w denotes the weight matrix, and f denotes the nonlinear function [27]. The NARX
network can be trained using the following models [28]. The first is the model with parallel architecture (or with
feedback). In this model, the output becomes the feedback for the input of the feed-forward neural network and can be

modeled as

IO = fGe-1.9e2 v Pe-mys
Upy Up_1, o) Up—py s W) + E(F).

(7

The second is the model with series-parallel architecture (or parallel architecture without feedback), where the output
regressors enter only through the use of actual output values:

y\(t) = f(yt—li Vt—2, "')yt—ny;
U, Up—1,) oy ut_nu; w; W) + g(t)

®)

An illustration of the parallel and series-parallel architectures can be seen in figure 1.

u(t) —>§ 5
= Feed o XEY =MD
& Forward > ¥(1) - Feed
- Network Forward —> ¥(&)
D Network
L] y(&) —{3
L

Figure 1. Parallel and series-parallel architectures of the NARX network.

This study considers only the NARX model with series-parallel architecture using three layers, namely the input layer,
the hidden layer, and the output layer. The following are the steps of NARX modeling used, where y, denotes the
predicted data and u; denotes the external data.

Data modeling begins by identifying the frequency of the data y,. Frequency indicates the number of observations
within a certain period. If the frequency of the obtained data y, is less than 3, successive autoregressive lags of 1 to 4
are considered for the data y; and u;. Meanwhile, if the frequency of the obtained data y; is greater than 3, the
autoregressive lags of the data y; and u; are considered from 1 to m, where m represents the frequency of the data y;.

Differencing is first performed on the data y; and u;. Furthermore, the first-differenced data are scaled linearly to
[—0.8,0.8] to facilitate the training process. Following [9], this approach provides the best effectiveness in terms of
accuracy and convergence speed. The first differencing is calculated using the following equation:

Ay(t) = ye — V-1, )
Ay(t) is the first-differenced value in period t, and y; and y;_, are the data in periods t and t — 1, respectively. The
data are scaled using the following equation:
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_ (mx-mn)(y-mnorig)

(mxorig_mnorig)

+mn, (10)

ySC

y is the input data, mn and mx are the minimum and maximum target values of the input data, and mnjg and mx,yig
are the minimum and maximum values of the original input data.

The input variables in the input layer are determined based on the autoregressive lags of y; and u; identified in Step 1.
Furthermore, the optimal input variables in the input layer are selected using a stepwise method. The stepwise method
is used to obtain input variables based on the principle of parsimony (see, e.g., [9]).

The optimal parameterization of the hidden layer, particularly the number of hidden neurons, is determined using a
trial-and-error procedure. Several alternative NARX architectures are evaluated by varying the number of hidden
neurons, and the architecture with the smallest validation Mean Squared Error (MSE) is selected as the final base
model. Here, MSE is defined as

1 ~
MSE = ;Z?:l(%' - > (11)

The data from the selected last segment are divided chronologically into 80% training data and 20% validation data.
After the optimal NARX architecture is obtained, the same architecture is trained 50 times independently using
different random initial weights and biases. Thus, the ensemble does not consist of 50 models selected through an
additional post-training ranking process. Instead, it consists of 50 independently trained NARX models generated from
the same optimal architecture. The forecasting outputs from these 50 models are then transformed back to the original
scale through unscaling and undifferencing procedures and combined using the mode ensemble operator to produce
the final forecast. This ensemble procedure is used to reduce prediction instability that may arise from a single neural
network model due to random initialization. According to [9], the mode ensemble operator can improve forecasting
accuracy compared with a single network. The ensemble mode operator is calculated using the kernel density estimator
approach as follows:

fn(x) = —— ¥ K (F2me), (12)
M is the number of ensemble models, h > 0 is the estimated bandwidth, approximated by
~5.1/5
- ()" £
following [29], K(+) is a kernel function approximated by the Gaussian kernel,
1 X
Ky (x) = —-e 212, (14)

\2mh

and y,,.+ is the forecast of the m-th model, where m = 1, ..., M, for period t. The mode ensemble operator is determined

by the value of x at which f,j, (x) reaches its maximum. The previous steps are applied recursively to obtain multi-step
forecasts.

3. Methodology

The proposed hybrid forecasting framework integrates the Pruned Exact Linear Time (PELT) algorithm and the
ensemble Nonlinear Autoregressive Neural Network with External Inputs (NARX) model. The main rationale of this
integration is that time series data containing change points may consist of several segments with different statistical
properties. If a forecasting model is trained using the entire historical series, older segments with different data
structures may influence the learning process and reduce short-term forecasting accuracy. Therefore, PELT is used as
a preliminary segmentation procedure to identify the most recent statistically homogeneous segment, while ensemble
NARX is applied to this last segment to generate short-term forecasts.

The hybrid procedure consists of six main stages: data preparation, change point detection, last-segment selection,
NARX model construction, ensemble forecasting, and model evaluation. Let (y;) denote the target time series and
(x;) denote the vector of exogenous variables. The complete workflow of the procedure is described as follows.
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First, before model training, the daily time series data (y;, x;) were transformed through first-order differencing to
reduce non-stationary patterns in the data. The differenced data were then scaled linearly into the interval ([-0.8, 0.8])
to improve numerical stability and facilitate the neural network training process.

Second, the PELT algorithm was applied to (y;), to detect the number and locations of change points. The cost function
was defined based on variance changes across segments, as described in Section 2.1. The purpose of this step was to
identify structural changes in the time series and divide the observations into several segments with relatively
homogeneous statistical characteristics. The detected change points were then used to determine the boundary of the
most recent segment.

Third, the last segment obtained from the PELT procedure was selected as the training basis for the ensemble NARX
model. This step is central to the proposed hybrid framework. Instead of training NARX on the entire historical data,
the model was trained only on the last segment identified by PELT. The rationale is that the last segment represents
the most recent data regime and is expected to contain patterns that are more relevant for short-term forecasting. This
procedure reduces the influence of previous segments that may reflect obsolete case dynamics.

Fourth, the NARX model was constructed using a series-parallel architecture consisting of an input layer, a hidden
layer, and an output layer. The input layer was formed using lagged values of the target variable (y;) and lagged values
of the exogenous variables (x;). The candidate input variables were determined based on the autoregressive lag
structure, and the optimal input combination was selected using a stepwise procedure based on the parsimony principle.
The number of hidden neurons was determined through a trial-and-error procedure by comparing the validation mean
squared error (MSE) across alternative network configurations. The data in the selected segment were divided into
80% training data and 20% validation data.

Fifth, after the optimal NARX architecture was obtained, the ensemble forecasting procedure was implemented. The
selected (i.e. optimal) NARX architecture was trained 50 times using different random initial weights and biases. Each
trained network produced a forecast for the target variable. The forecasts from the 50 independently trained NARX
models were then combined using the mode ensemble operator based on the kernel density estimator approach. This
ensemble procedure was used to reduce the instability that may arise from a single neural network model due to random
initialization and local convergence.

Sixth, the final forecasts were transformed back into the original scale through unscaling and undifferencing
procedures. The forecasting performance was then evaluated by comparing the predicted values with the observed
values in the testing period. The evaluation metric used in the analysis was the Mean Absolute Percentage Error
(MAPE) (and possibly, other metrics). A lower MAPE value indicates a smaller forecasting error and better predictive
performance. For comparison, the forecasting results of the proposed PELT—ensemble NARX method were compared
with those of the standard NARX model trained without PELT-based segmentation, and/or other forecasting methods.
Here, MAPE is defined as
MAPE = 23, P2 (15)

y; denotes the actual value, J; denotes the predicted value using the chosen model and n denotes total number of data
points. In addition to MAPE, three additional evaluation metrics were calculated to provide a more comprehensive
assessment of forecasting performance, namely MAE (Mean Absolute Error), RMSE (Root Mean Squared Error), and
sMAPE (Symmetric Mean Absolute Percentage Error). The metric MAE, RMSE, and sSsMAPE are defined as

1 N
MAE = _YiLlyi = 9il, (16)
1 ~ (17)
RMSE = \/;Z?:l(%' -2,
_1l¢n lyi=il 18
SMAPE =2 dim1 (5 gz (1%)

The proposed hybrid framework can be summarized in the following algorithm.

Algorithm 2. PELT-Ensemble NARX Hybrid Forecasting Procedure
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Prepare the target variable (y;) and the exogenous variables (x;).
Apply first-order differencing to the target and exogenous variables.
Scale the differenced data into the interval ([-0.8, 0.8]).
Apply the PELT algorithm to the target variable (y,) to detect change points.
Identify the last segment based on the final detected change point.
Use only the last segment as the modeling data for short-term forecasting.
Determine candidate lagged inputs from the target and exogenous variables.
Select the optimal input variables using a stepwise selection procedure.
Determine the optimal number of hidden neurons based on validation MSE.
. Train the selected NARX architecture 50 times using different random initial weights and biases.
. Combine the 50 forecasting outputs using the mode ensemble operator.
. Transform the forecasts back to the original data scale.

13. Evaluate forecasting performance using MAPE and/or other metrics and compare the results with the other forecasting
methods.

A e A o e

—_ —
— O

—_
N

This procedure ensures that the forecasting model is trained on the most recent statistically homogeneous segment of
the time series. Thus, the proposed method is expected to be more adaptive for short-term forecasting when the data
contain change points.

4. Results and Discussion

The empirical study was applied to Covid-19 data from Java and Bali provinces in Indonesia, which represented regions
with high cumulative Covid-19 cases. The proposed PELT—ensemble NARX hybrid method was used to forecast
confirmed Covid-19 cases by integrating change point detection and neural network-based forecasting. The PELT
method served as an initial segmentation procedure to identify structural changes in the time series, while the ensemble
NARX model was applied to the most recent segment to produce short-term forecasts.

In the empirical study, the daily confirmed Covid-19 cases were used as the response variable, while the daily data of
weather variables (i.e. maximum temperature, average temperature, and humidity) and the daily data of Covid-19-
related variables (i.e. the number of recovered cases and deaths) are considered as the exogeneous variables. These
variables are used as external inputs in the NARX model to provide additional explanatory information beyond the
autoregressive structure of the confirmed case series and are expected to improve short-term forecasting accuracy. The
weather data for each province were obtained from Dataonline-BMKG (www.dataonline.bmkg.go.id) and Covid-19
data were obtained from BNPB (www.covid19.bnpb.go.id).

It should be noted that other exogeneous variables such as epidemiological and social factors or other potentially
influential factors were not incorporated into the current studies. Some important variables, such as government policy
interventions, population mobility patterns, vaccination rates and coverage, testing intensity, public compliance with
health protocols, public health interventions, policy restrictions, etc., may have direct impact to the confirmed Covid-
19 cases. However, these variables were not included in the present study because consistent daily province-level data
were not (fully) available for all provinces in Java and Bali during the observation period. The complete information
of time interval of data for each province is presented in table 1.

Table 1. Time interval of Data used in Seven Provinces on Java and Bali Islands

Province Time Interval
Bali March 10 t*, 2020 - October 18 t*, 2021
Banten March 9 t*, 2020 - October 18 t*, 2021
DI Yogyakarta March 14 t*, 2020- October 18 t*, 2021
DKI Jakarta March 2 ™4, 2020 - October 18 £, 2021
West Java March 10 £, 2020 - October 18 &, 2021
Central Java March 13 £, 2020 - October 18 &, 2021

East Java March 17 %, 2020 - October 18 t*, 2021
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The first step in the empirical analysis here is to plot the number of confirmed cases of Covid-19 in each province
together with the segmentation of the data generated using the PELT method steps. The results for each province can
be seen in figure 2 (a)-(g). The blue curve represents the daily data for confirmed cases of Covid-19, while the red line
is the cut-off point for each data segment. For example, in the case of DKI Jakarta, the first change point occurred on
the 179 t" day, it means that the first to the 178 t" data had the same data properties as the cost function determined
based on the data variance value. Likewise for the second segment, starting from the 179 " to 310 t* and so on. A
similar interpretation can be applied to data of other provinces.

BALI SPECIAL REGION OF YOGYAKARTA BANTEN

4000
|
i
]

—— Actual Data
 Changepar ‘

1500
L

1000
!E

Case number
2000

Case number
1000

500 1000

1500 2000 2500
H
3000
——

Case number

500

F-Nm h 1) |
i ! fl Ty 4
[y — N""“H‘(JMI P h" o4 il o i 1N PN _-.a__.\«au‘a.w“-”k.‘llﬂ o ‘ M
! ! ! L ! ! T T T T T r s T T Lo T T
0 100 200 300 400 500 600 0 100 200 300 400 500 600 0 100 200 300 400 500 600
Days Days Days
(a) (b) (c)

- DKI JAKARTA WEST JAVA CENTRAL JAVA EAST JAVA

g

[y —_— JE—— — ot 8 [ — reudoas

™ | — Chango poinf j — Ghange pant | g | — chemepent S | — chanpe pont

: !

o =1 ‘ ) | g | L
58 [ 58 i 587 JI 5 @ ‘
_g 2 1 ‘ _g - weges | edst ‘ o5 _g .... ™ _g

=
2 M 287 287 I :I Zg i
% o [ ) M % o | g |
T S o =1 [ | q S @
88 ﬂ ég f‘l I | 88 I S |
If [ ! E=3
| | g |f'\'r " g R WA " 4
Wi « A e - o | 1 iy A0
P ‘mr\':\*.m,f' Luk [ it ”"ll—‘"\l"fﬂ - ,q.,,,,’MW ! h"-';-"'l'lk i QT P B o ..
o4 —— — o4 P T L, - PR L - o4 — B
0 100 200 300 400 500 60O 0 100 200 300 400 500 600 0 100 200 300 400 500 600 0 100 200 300 400 500 600
Days Days Days Days
(d) (e) () (8

Figure 2. Plot of the number of confirmed Covid-19 cases in each province together with the segmentation using PELT

In addition to identifying structural changes in the data and showing the number of segments formed from the data set,
the segmentation results obtained using the PELT method provide the cut-off point of the final segment used for
forecasting. Therefore, forecasting performance may depend on the detected change point locations since different
change point positions alter the number of observations and data patterns used in the forecasting process. In this study,
the final segments obtained for each province consistently preserved the declining trend of confirmed Covid-19 cases,
providing relatively stable conditions for short-term forecasting. The segments of data in each province are presented
in table 2.

Table 2. Change points output from PELT

4 Province Formed segmentation The beginning of
1 2 3 4 5 6 7 8 last segment data
1 Bali 173 374 410 484 537 - - - August 28, 2021
2 Banten 191 321 387 392 472 490 503 524 August 14, 2021
3 DI Yogyakarta 264 459 532 - - - - - August 27,2021
4 DKI Jakarta 179 310 350 472 515 - - - July 29,2021
5 West Java 265 310 354 463 535 - - - August 26, 2021
6 Central Java 262 305 331 457 526 - - - August 20, 2021
7 East Java 107 261 296 475 523 - - - August 21, 2021

After the last segment for each province was identified using the PELT method, the ensemble NARX model was trained
using only the data from the corresponding last segment. To improve the reproducibility of the proposed hybrid
framework, the final NARX architecture for each province is reported in table 3. The table includes the target lag
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structure, exogenous input lag structure, number of hidden neurons, activation functions, training algorithm, training—
validation split, and the number of ensemble models used in the forecasting process.

Table 3. Final NARX Architecture for Each Province

Beginning of Tareet Lag Exogenous Input La Number of Hidden Layer Output Layer Trainin Training— Number of
Province Last S tr%lc tureg g S trl:lc tutl‘): € Hidden Activation Activation Algori thlgn Validation = Ensemble
Segment Neurons Function Function g Split Models
Lag 1-4 (a'11 Rounded
August 28 exogenous variables number of resilient
Bali g ? 14 Xregl-Xreg5); . tanh linear . 80%—-20% 50
2021 . input backpropagation
seasonal dummies features
D1.1-D1.3
Lag 1-4 (a'11 Rounded
August 14 exogenous variables number of resilient
Banten ugy ’ 1-4 Xregl-Xreg5); u tanh linear . 80%—-20% 50
2021 . input backpropagation
seasonal dummies featur
DI1.1-D1.3 catures
exo;eiii;iéilibles Rounded
DU August2l, 4 Xregl-Xregs)y; "l linear resifient g0, 0% 50
Yogyakarta 2021 . input backpropagation
seasonal dummies features
D1.1-D13 §
Lag 14 (a.ll Rounded
exogenous variables number of resilient
DKI Jakarta July 29, 2021 1-4 Xregl-Xreg5); . tanh linear . 80%—20% 50
. input backpropagation
seasonal dummies features
D1.1-D1.3
Lag 1-4 (a.11 Rounded
August 26 exogenous variables number of resilient
West Java g ’ 1-4 Xregl-Xreg5); . tanh linear . 80%—-20% 50
2021 . input backpropagation
seasonal dummies features
D1.1-D1.3
exog];:?lili;i‘/;fil;bles Rounded
Central August 20, 14 Xregl—XregS); number of tanh linear resilient . 80%20% 50
Java 2021 . input backpropagation
seasonal dummies features
DI1.1-D1.3
Lag 14 (a.“ Rounded
August 21 exogenous variables number of resilient
East Java £ ’ 1-4 Xregl-Xreg5); . tanh linear . 80%—-20% 50
2021 . input backpropagation
seasonal dummies
features

D1.1-D1.3

Note. The target lag structure refers to the lagged values of confirmed Covid-19 cases used as autoregressive inputs. The exogenous input lag
structure refers to the lagged values of weather variables, recovered cases, and death cases used as external inputs. The optimal number of hidden

neurons was selected based on the minimum validation Mean Squared Error (MSE), i.e. MSE= % ™. (yi — $:)? . The ensemble model was

generated by training the selected NARX architecture 50 times using different random initial weights and biases.

The next step is to forecast using the NARX method. The forecasting process was carried out based on the last segment
of PELT method which is summarized in table 2. The graphic which compare real data and forecasts of confirmed
Covid-19 cases for each province using the PELT-NARX hybrid method is shown in figure 3 (a)-(g). The summaries
of forecasting performances are given in Table 4. For each province, Mean Absolute Percentage Error (MAPE) of the
forecast were computed, based on the last 7 available data from October 12, 2021 until October 18, 2021. Table 4
shows that the PELT-NARX hybrid method is relatively accurate (significantly smaller) than the alternative approach
to predict confirmed cases of Covid-19 in the provinces of Java and Bali, Indonesia. For example, MAPE values of the
PELT-NARX hybrid method in the province of Bali was obtained at 0.001485 (much less than MAPE values of the
NARX method). The same results were also obtained for provinces in Java. Here we may conclude, the PELT—
Ensemble NARX method consistently yielded lower MAPE values across all provinces, indicating improved
forecasting accuracy.
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Figure 3. Plot of real data and fitted values using PELT-NARX method for each province

Table 4 also shows that the PELT-Ensemble NARX method consistently produced lower MAE, RMSE, MAPE, and
SMAPE values than the standard NARX model across all provinces. This indicates that the improvement of the
proposed hybrid method is not only reflected in MAPE but is also supported by other error measures in the original
scale and by a more symmetric percentage-based metric. For example, in DKI Jakarta, the RMSE decreased from
49.145361 using the standard NARX model to 5.040599 using the PELT-Ensemble NARX model. Similarly, in
Central Java, the MAE decreased from 16.007640 to 0.454567, showing a substantial reduction in average forecasting
error. The lower SMAPE values further confirm that the proposed hybrid method remains superior when evaluated

using a symmetric percentage-based metric.

Table 4. Forecasting Performance Based on MAE, RMSE, MAPE, and sSMAPE

Province Model MAE RMSE MAPE sMAPE
Bali NARX 6.188331 6.871675 0.165450 0.166762
PELT-NARX 0.049046 0.064099 0.001485 0.001484

Banten NARX 6.746530 9.218503 0.250864 0.266643
PELT-NARX 0.620100 0.832862 0.030615 0.030070

DI Yogyakarta NARX 6.448189 7.350801 0.262961 0.246876
PELT-NARX 0.107026 0.136382 0.004236 0.004226

DK Jakarta NARX 39.22246 49.14536 0.276914 0.272470
PELT-NARX 3.341986 5.040599 0.021853 0.022394

West Java NARX 23.16024 29.18351 0.251479 0.316617
PELT-NARX 2.939820 3.640016 0.034439 0.035447

Central Java NARX 16.00766 19.00875 0.166847 0.152564
PELT-NARX 0.454571 0.541128 0.004025 0.004026

East Java NARX 17.35522 27.57671 0.154919 0.171910
PELT-NARX 0.562971 0.642368 0.007022 0.007055

This is important because Covid-19 confirmed case data may contain relatively small actual values in some periods,
which can make MAPE unstable. Therefore, the additional evaluation using MAE, RMSE, and sMAPE strengthens
the conclusion that the PELT—Ensemble NARX hybrid method provides more accurate and stable short-term forecasts
than the standard NARX model.
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These findings are consistent with prior studies highlighting the effectiveness of hybrid methods combining statistical
segmentation and neural network forecasting. The results further validate the use of external variables, such as weather
and epidemiological data, in improving NARX model performance. Additionally, the ensemble operator addresses
potential variability associated with single network forecasts, reinforcing the robustness of predictions [9].

To statistically validate the improvement in forecasting performance, a paired t-test was conducted for each province
comparing the MAPE values of the NARX and PELT-Ensemble NARX methods. Table 5 presents the mean MAPE,
mean difference, t-value, degrees of freedom, p-value, and decision of significance for each province. The results show
that the PELT—Ensemble NARX method significantly reduces forecast errors compared to the standard NARX model
(p <0.05 for all provinces). The paired t-test results demonstrate that integrating change point detection through PELT
with an ensemble NARX approach provides a statistically significant improvement in short-term forecasting of Covid-
19 confirmed cases. The reduction in MAPE across all seven provinces, confirmed by the t-test, indicates that the
hybrid approach consistently enhances predictive accuracy.

Table 5. Paired t-test Results Comparing Forecast Errors (APE) Between NARX and PELT—Ensemble NARX

Province MAPE MAPE (PELT-Ensemble Mean tvalue df p-value Significant
(NARX) NARX) Difference (a=0.05)

Bali 0.165450 0.001484 0.163966 6.2939 6  0.00074 Yes
Banten 0.250863 0.030615 0.220249 26322 6  0.03894 Yes
DI Yogyakarta 0.262960 0.004235 0.258725 35195 6 0.01253 Yes
DKI Jakarta 0.276914 0.021853 0.255061 2.6267 6  0.03923 Yes
West Java 0.251479 0.034439 0.217040 27211 6 0.03459 Yes
Central Java 0.166847 0.004025 0.162822 32933 6  0.01655 Yes
East Java 0.154918 0.007022 0.147897 2.8098 6 0.03077 Yes

Last but not least, we further compare the performance of forecasting accuracy of the proposed method with several
well-known forecasting methods, ranging from the classical Exponential Smoothing and ARIMA (AutoRegressive
Integrated Moving Average) method, to more advanced method such as the LSTM (Long Short-Term Memory)
approach. The results are summarized in table 6, showing the proposed method outperforms other considered
approaches. Overall, these results confirm that the PELT—Ensemble NARX hybrid framework can not only improves
accuracy but also provides a reliable approach for real-time short-term forecasting in the context of dynamic, multi-
wave epidemic data.

Table 6. Mean Absolute Percentage Error (MAPE) for Each Province Using Different Forecasting Models

Province Exponential Smoothing ARIMA LSTM NARX PELT-Ensemble NARX
Bali 0.211598 0.153264 0.186839 0.165450 0.001484
Banten 0.238974 0.238945 0.235419 0.250863 0.030615
DIY 0.336772 0.475981 0.200147 0.262960 0.004235
DKI Jakarta 0.448326 0.515446 0.117870 0.276914 0.021853
West Java 0.253011 0.251991 0.235278 0.251479 0.034439
Central Java 0.306962 0.281533 0.215771 0.166847 0.004025
East Java 0.391614 0.321882 0.242803 0.154918 0.007022

5. Conclusion

This study proposed a hybrid PELT—ensemble NARX framework for short-term forecasting of time series containing
structural change points. The method combines the Pruned Exact Linear Time (PELT) algorithm for change-point
detection with an ensemble Nonlinear Autoregressive Neural Network with Exogenous Inputs (NARX) for forecasting.
Its performance was evaluated using confirmed COVID-19 cases in the provinces of Java and Bali, Indonesia.

The empirical results demonstrate that incorporating change-point detection prior to model fitting substantially
improves short-term forecasting performance. Compared with alternative forecasting methods, the proposed PELT—
ensemble NARX approach consistently achieved lower forecasting errors across several commonly used performance
measures, highlighting the importance of explicitly accounting for structural changes in time series forecasting.

Despite these encouraging results, the study has several limitations. First, the empirical analysis considered only
COVID-19-related variables (recoveries and deaths) together with weather variables (maximum temperature, average
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temperature, and humidity) as exogenous inputs to the NARX model. Other important epidemiological and socio-
economic factors, including government intervention policies, population mobility, vaccination coverage, testing
intensity, and public behavioural responses, were not incorporated. These variables are known to influence COVID-19
transmission dynamics, particularly during periods of lockdowns, vaccination campaigns, and changes in testing
capacity. Their exclusion was primarily due to the limited availability and inconsistency of daily province-level data
across Java and Bali during the study period.

Second, the inclusion of weather variables should not be interpreted as implying that meteorological conditions are the
primary drivers of COVID-19 transmission. Rather, they were selected because they were consistently available
throughout the observation period and served as informative exogenous predictors within the proposed forecasting
framework. Future research should investigate the integration of broader epidemiological, behavioural, mobility,
vaccination, and policy-related variables to assess whether they further enhance the forecasting accuracy, robustness,
and generalisability of the proposed hybrid approach.

Finally, this study focused exclusively on short-term forecasting of time series with structural change points, using
COVID-19 data as an illustrative application. Future work should examine the performance of the proposed framework
for medium- and long-term forecasting, particularly for multi-wave epidemic data and other complex non-stationary
time series. A comprehensive discussion of medium- and long-horizon forecasting of COVID-19 data can be found in
the recent work of e.g., Kalahasti et al. [30].
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