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Abstract: According to the WHO, intellectual disability refers to individuals with
limited intellectual abilities, who face difficulties in meeting basic needs. This condi-
tion affects both children and adults, with children requiring full support from parents
and their environment, as they are prone to discrimination. It is common in several
Indonesian provinces, notably West Java, Central Java, and East Java, particularly
in rural or remote areas where access to health facilities and knowledge is limited.
In this study, the prevalence of intellectual disability in East Java is analyzed and
predicted using machine learning methods based on the number of affected regions
per district/city. The methods applied are the Ensemble Kalman Filter (EnKF) and
Ensemble Kalman Filter Square Root (EnKF-SR), both of which are developments
of the Kalman Filter. The EnKF method achieved the best RMSE of 50.68 with 600
ensembles and R = 0.01, while the EnKF-SR achieved the best RMSE of 69.16 with
800 ensembles and R values of 0.01 and 0.03.
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1 Introduction

The World Health Organization’s International Classification of Disease (ICD-10) defines
intellectual disability as a mental disorder that simultaneously refers to the people of
below average intellectual capability marked by the limitation of two or more skills,
namely communication, self-care, social skills, safety, and personal health. In Indonesia,
intellectual disability is experienced not only by adults, but also by children. According
to Pendataan Program Perlindungan Sosial (PPLS) in 2011, the number of children with
intellectual disability was 30,460 children out of a total of 13,572. This data is spread
throughout Indonesia, with the most provinces in Central Java, East Java, and West
Java [1].

According to the Basic Health Research Indonesia, 2013 (Riset Kesehatan Dasar
known as Riskesdas), 14.3% of Indonesian household have a patient with a mental disor-
der and a majority are in rural area [2]. Knowledge, economic, and information factors
and access to health facilities in rural areas are also limited. This lack of knowledge, for
example, can be evidenced by the many cases of shackling that occur. Until now, most
cases of shackling are in rural areas with the main factors being low economic problems
and the inability to go to a mental hospital [3].

Almost all of Indonesia is familiar with the term “Pasung”. Pasung is a long-standing
custom in West Java and beyond. Pasung has traditionally involved a person who is
agitated or considered at high risk of doing harm, either to themselves or others, being
shackled using a wooden log [4]. Although it sounds less humane, it is still widely found
in rural areas in Indonesia.

Especially for people with intellectual disability who are still children, this requires
special attention and treatment. One of the most significant factors that can help improve
quality of life for children with developmental disabilities is parental resilience [5]. On a
broader scale, the role of the local government is needed as a health facilitator so that
all people with intellectual disability have the same rights and access to health services
in terms of legal guarantees in the form of Regional Regulations (Perda) [6].

In this research, the authors try to analyze and predict the number of regions in East
Java province with intellectual disability survivors. Predictions are performed using Ma-
chine Learning (ML). ML is a subset of Artificial Intelligence [7]. Machine Learning (ML)
has potential to enable a machine to learn from experience and apply this learning in fu-
ture uncertainties [8]. ML methods can be divided into supervised learning, unsupervised
learning, and reinforce learning [9].

The prediction methods used in this research are Ensemble Kalman Filter (EnKF)
and Ensemble Kalman Filter-Square Root (EnKF-SR). The Ensemble Kalman Filter
(EnKF) is an algorithm which is widely employed in the engineering community for the
estimation of the state of partially-observed dynamical systems whose dynamics are gov-
erned by a nonlinear agent [10]. In the EnKF, the system’s mean and covariance are
approximated by an ensemble of states randomly sampled from the probability distribu-
tion. In the forecast, each state is advanced by the dynamical model; in the analysis step,
each ensemble member is updated with the new observation to minimize the posterior
covariance [11]. Meanwhile, EnKF-SR is a development of EnKF.

Previously, in 2023, S. Yoo et al. [12] conducted research about predicting wildfire
spread using Ensemble Kalman Filter and polyline simplification. The result is algorithm
successfully reduced computational time required for data assimilation [12]. In 2022, M.
Y. Anshori et al. [13] conducted research about estimation XYZ company profitability
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using H-Infinity and Ensemble Kalman Filter (EnKF). The result is that the performance
of EnKF is more promising than H-Infinity with error percentage around 5-8% [13]. Still
in 2022, A. Muhith et al. [14] conducted research about the stock of TC blood in PMI
Gresik. The result is that EnKF-SR is better than UKF with an error less than 3% [14].

R. Ghostine et al. [15] in 2021, employed EnKF to predict COVID-19 pandemic
evolution in Saudi Arabia complementing SEIR with vaccination and achieved promising
short-term predictions with a relatively small ensemble size [15]. In 2021, H. Cevallos et
al. [16] conducted research about electrical estimation using EnKF and Particle Filter.
The result is that the Particle Filter achieves greater stability, higher estimation accuracy,
and better performance [16]. In 2020, E. K. Korir et al. [17] conducted research on
forecasting electricity prices using EnKF. The result is that EnKF gives better prediction
with an RMSE value of 0.0089 [17].

2 Research Method

In this research, the data source refers to the official website of BPS Jatim
(www.jatim.bps.go.id). The data contains 3 columns and 30 rows which represent
the results recorded in 2014 and 2018. After that, the data is processed statistically to
find insights and identify patterns. Table 1 shows the dataset used in this research, while
Figure 1 illustrates the research methodology.

City/Regency Number of Villages with Intellectual Disability in 2014 Number of Villages with Intellectual Disability in 2018
Pacitan 150 142
Ponorogo 236 238
Trenggalek 137 139
Tulungagung 239 243
Blitar 227 226
Kediri 277 298
Malang 338 303
Lumajang 147 140
Jember 192 169
Banyuwangi 166 172
Bondowoso 169 151
Situbondo 99 86
Probolinggo 254 209
Pasuruan 274 248
Sidoarjo 273 265
Mojokerto 234 229
Jombang 266 279
Nganjuk 231 214
Madiun 182 159
Magetan 202 199
Ngawi 175 159
Bojonegoro 345 327
Tuban 235 247
Lamongan 360 325
Gresik 276 235
Bangkalan 173 150
Sampang 145 148
Pamekasan 136 122
Sumenep 231 209
Kota Kediri 35 37
Kota Blitar 18 18
Kota Malang 24 38
Kota Probolinggo 27 26
Kota Pasuruan 27 26
Kota Mojokerto 28 28
Kota Madiun 9 17
Kota Surabaya 21 20
Kota Batu 22 20

Table 1: Dataset.
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Figure 1: Research Methodology.

2.1 Exploratory Data Analysis (EDA)

Exploratory Data Analysis (EDA) is a statistical approach that examines the presence
of multiple hidden features and patterns in a dataset [18]. In other words, Exploratory
Data Analysis (EDA) is a way to explore the data with the aim of extracting useful and
actionable information from it [19]. The data was collected in 2014 and 2018 and covers
the entire province of East Java. Table 2 presents a summary of the central tendency
of the data and Figure 2 plots the number of villages with intellectual disability in East
Java.

Statistic Number of Villages with Intellectual Disability in 2014 Number of Villages with Intellectual Disability in 2018
mean 174.97 38.0
min 9.0 17.0
max 360.0 327.0
std 100.24 93.73

Table 2: Measurement of the central tendency of villages with intellectual disability in East
Java.

Figure 2: Plot comparison of the number of areas with people with intellectual disability in
East Java.
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From Figure 2, it can be seen that in some areas of East Java province, there has been
an increase in areas with people with intellectual disability. Lamongan district has the
highest level of mentally retarded people in East Java province and Blitar City along with
Mojokerto City became the regions with the lowest levels. Then, the previous dataset
can be tested using the Wilcoxon test to determine the relationship between condition
variables in 2014 and 2018. Below, Figures 3 and 4 plot the distribution of data and
Table 3 presents the result of the Wilcoxon test.

Figure 3: Histogram of distribution of data in 2014.

Figure 4: Histogram of distribution of data in 2018.

Wilcoxon statistic 176.0
P-Value 0.013

Table 3: Result of the Wilcoxon test.

From Figures 3 and 4 and also Table 3 above, it can already be determined which
distribution of data is not normal and based on the Wilcoxon test, it is clear that there
is a relationship between the values in the columns in 2014 and 2018. Indeed, many
papers apply non-parametric tests such as the Mann-Whitney test or the Wilcoxon test
to compare groups when the data do not seem completely normally distributed [20].
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2.2 Preprocessing

After that, the next step is normalization. It refers to scaling the dataset so that the data
values lie between 0 and 1 [21]. One advantage of MinMax Scaler is that it allows mapping
features with very different ranges into the same interval while keeping all information
since distance ratios are preserved [22]. Below in Equation (1) is the MinMax Scaler
function

x1 =
xi −min(x)

max(x)−min(x)
. (1)

2.3 Feature selection

Next, the process moves on to feature selection. Based on the case study and dataset
variables, the variable Number of Villages with Impaired Patients in 2018 is selected as
the dependent/target variable.

2.4 Ensemble Kalman Filter (EnKF) prediction model

The EnKF was developed as a version of the Kalman Filter for large-scale problems. It is
a Monte Carlo based implementation of the Kalman Filter for non-linear state estimation
problems [23]. Similar to the KF, the EnKF consists of recursive application of a forecast
step and an analysis step [24]. Below in Figure 5, the EnKF algorithms are presented.

Figure 5: Ensemble Kalman Filter (EnKF) algorithm.

2.5 Ensemble Kalman Filter Square Root (EnKF-SR) prediction model

Below Figure 6 present the function of Ensemble Kalman Filter Square Root.

2.6 Model evaluation

At the evaluation stage, the model trained and tested is calculated for accuracy based on
the resulting error value. The root mean squared error (RMSE) and the mean absolute
error (MAE) are two standard metrics used in model evaluation. This study uses the
Root Mean Square Error (RMSE) method to calculate the error value generated by the
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Figure 6: Ensemble Kalman Filter Square Root (EnKF-SR) algorithm.

model. The function of the Root Mean Square Error (RMSE) is presented in Equation
(2) as follows:

RMSE =

√√√√ 1

n

n∑
i=1

(yi − ŷi)2. (2)

3 Results and Discussion

In this research, the authors tried to implement Ensemble Kalman Filter (EnKF) and
Ensemble Kalman Filter Square Root (EnKF-SR) to predict the number of areas in East
Java with people with intellectual disability. The ensemble numbers used are 600 and
800. The overall simulation results are shown in Figures 7 to 10.

3.1 Simulation result of EnKF and EnKF-SR with 600 ensembles

Figure 7: 1st Simulation Plot with EnKF and EnKF-SR with 600 ensembles and R value 0,01.

The first simulation can be seen in Figure 7, it shows the result of comparison between
Ensemble Kalman Filter (EnKF) and Ensemble Kalman Filter Square Root (EnKF-SR).
EnKF prediction results are shown by the black line, while those of EnKF-SR are shown
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by the red line. All methods use 600 ensembles and R value is 0,01. The result of EnKF
with 600 ensembles and R value of 0,01 has a better accuracy value with an RMSE value
of 50,68. Meanwhile, EnKF-SR gives an RMSE value of 69.19.

Figure 8: 2nd Simulation Plot with EnKF and EnKF-SR with 600 ensembles and R value 0,03.

The second simulation can be seen in Figure 8, it shows the result of comparison
between Ensemble Kalman Filter (EnKF) and Ensemble Kalman Filter Square Root
(EnKF-SR). EnKF prediction results are shown by the black line, while those of EnKF-
SR are shown by the red line. All methods use 600 ensembles and R value is 0,03. The
result of EnKF with 600 ensembles and R value of 0,03 has a better accuracy value with
an RMSE value of 50,80. Meanwhile, EnKF-SR gives an RMSE value of 69.64.

3.2 Simulation result of EnKF and EnKF-SR with 800 ensembles

Figure 9: 3rd Simulation Plot with EnKF and EnKF-SR with 800 ensembles and R value 0,01.

The third simulation can be seen in Figure 9, it shows the result of comparison
between Ensemble Kalman Filter (EnKF) and Ensemble Kalman Filter Square Root
(EnKF-SR). EnKF prediction results are shown by the black line, while those of EnKF-
SR are shown by the red line. All methods use 800 ensembles and R value is 0,01. The
result of EnKF with 800 ensembles and R value of 0,01 has a better accuracy value with
an RMSE value of 50,89. Meanwhile, EnKF-SR gives an RMSE value of 69.16.
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Figure 10: 4th Simulation Plot with EnKF and EnKF-SR with 800 ensembles and R value
0,03.

The fourth simulation can be seen in Figure 10, it shows the result of comparison
between Ensemble Kalman Filter (EnKF) and Ensemble Kalman Filter Square Root
(EnKF-SR). EnKF prediction results are shown by the black line, while those of EnKF-
SR are shown by the red line. All methods use 800 ensembles and R value is 0,03. The
result of EnKF with 800 ensembles and R value of 0,03 has a better accuracy value with
an RMSE value of 50,99. Meanwhile, EnKF-SR gives an RMSE value of 69.16. For a
clearer interpretation, below is a recapitulation table of all simulations shown in Tables
4 and 5

3.3 Comparison of RMSE Values

Method Number of Ensembles R Value RMSE Value
EnKF 600 0.01 50.68

0.03 50.80
EnKF-SR 600 0.01 69.19

0.03 69.64

Table 4: Comparison of RMSE values of EnKF and EnKF-SR using 600 ensembles.

Method Number of Ensembles R Value RMSE Value
EnKF 800 0.01 50.89

0.03 50.99
EnKF-SR 800 0.01 69.16

0.03 69.16

Table 5: Comparison of RMSE values of EnKF and EnKF-SR using 800 ensembles.

From Tables 4 and 5, it can be seen that both methods perform well. The EnKF
method achieves the best RMSE value when the number of ensembles is 600 with an R
value of 0.01. Meanwhile, the EnKF-SR method achieved the best RMSE value when
the number of ensembles was 800 with R values of 0.01 and 0.03. Overall, the accuracy
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rate produced by the EnKF method is about 80 percent. Meanwhile, the accuracy rate
produced by the EnKF-SR method is around 77 percent.

4 Conclussion

From the overall simulation results that have been obtained using the EnKF and EnKF-
SR methods, the prediction performance is quite good. Both methods maximize the
accuracy value based on the number of ensembles and the R value. The EnKF method
achieves the best RMSE value of 50,68 when the number of ensembles is 600 with an R
value of 0.01. Meanwhile, the EnKF-SR method achieved the best RMSE value of 69,16
when the number of ensembles was 800 with R values of 0.01 and 0.03. Both methods
can be used and optimized with other variations.
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