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ABSTRACT
The truncated spline is a piecewise polynomial that maintains continuity across seg-

ments and offers a high degree of flexibility in estimating data that varies significantly across
different intervals. This study applies the truncated spline method with interval estimation
to analyze the 2023 Indonesian Democracy Index (IDI) data. The objective is to identify
the key factors that significantly influence IDI and to evaluate the estimated results of the
nonparametric spline regression curve for the 2023 IDI data. The analysis findings indicate
that the predictor variables used in this study have a substantial impact on IDI, with a de-
termined coefficient of approximately 97.81%. Based on the interval estimation analysis of
the regression curve, it was found that out of 34 provinces in Indonesia, 8 provinces were
estimated accurately. These provinces include Kepulauan Riau, DKI Jakarta, Bali, Central
Kalimantan, North Sulawesi, Central Sulawesi, North Maluku, and Papua. Additionally, the
analysis indicates that 16 provinces have experienced a decline in their Democracy Index
(IDI) criteria, suggesting a possible transition in their democratic performance. This situa-
tion calls for further in-depth studies to improve their democratic achievement levels. On the
other hand, 18 provinces are projected to experience an increase in their IDI performance.

Keywords: Democracy; Interval estimation; IDI; Nonparametric regression; Truncated
spline
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1. Introduction
In this modern era, advancements in

technology and the increasing volume of
data have added complexity to statistical
analysis. The growing diversity of data,
which does not always conform to spe-
cific distribution assumptions, necessitates
more flexible methods in statistical model-
ing. One such approach is nonparametric
regression.

Nonparametric regression is a statis-
tical method used to identify the relation-
ship pattern between predictor and response
variables without prior knowledge of the
regression curve’s shape [1]. The causal
relationship between the response variable
and the predictor variable is assumed to
be smooth, meaning it is contained within
a specific function space [2, 3]. The ad-
vantage of nonparametric regression lies in
its flexibility in capturing complex relation-
ship patterns. This flexibility is evident
when the modeled nonparametric regres-
sion does not require prior information or
knowledge about the curve’s shape [4].

Several estimators can be used in
nonparametric regression, including Ker-
nel [5], Spline [6], Local Polynomial [7],
Fourier Series [8], Wavelets [9] , MARS
[10], and others. One of the most used esti-
mators in nonparametric regression model-
ing is the spline estimator [11, 12].

A spline is a segmented polynomial
that maintains continuity across its seg-
ments. One of its key advantages is its
flexibility, as it incorporates knot points
that indicate changes in data patterns [13,
14]. There are several basis functions in
the spline estimator, and in this study, the
researcher utilizes the truncated spline ba-
sis [15]. The advantage of the truncated
spline estimator lies in its simple statistical
interpretation and effective visual represen-
tation. Additionally, the model can accom-

modate fluctuating data patterns with the
help of knot point [16, 17].

Previous studies that have examined
the truncated spline estimator were con-
ducted by [18-21]. Previous studies were
limited to examining nonparametric regres-
sion modeling using the truncated spline es-
timator based solely on point estimation. A
major drawback of point estimation is that
it does not indicate the strength of the es-
timation’s accuracy and is highly prone to
errors. This limitation can be overcome by
applying interval estimation [22, 23].

Interval estimation of the truncated
spline nonparametric regression curve can
indicate the upper and lower bounds of
the resulting regression curve [24]. This
method helps ensure the model’s accuracy
within a specific range while accounting
for a predetermined level of error [25, 26].
This undoubtedly affects the probability of
model accuracy compared to point estima-
tion of the regression curve [27].

Previous studies that examined inter-
val estimation were conducted by [22, 27-
29]. However, this research introduces a
new approach by applying truncated spline
nonparametric regressionmodeling with in-
terval estimation to the analysis of the In-
donesian Democracy Index (IDI), a novel
application in the field of political science.
While interval estimation has been used in
various domains, its application to the IDI,
especially using a nonparametric regression
model, is relatively unexplored.

The Indonesian Democracy Index
(IDI) is an objective and empirical measure-
ment tool that assesses the state of politi-
cal democracy in Indonesia across three key
aspects: civil liberties, political rights, and
democratic institutions. The primary goal
of IDI is to quantitatively measure the level
of democratic development. It serves as a
general check-up tool for democracy at both
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the national and provincial levels. Addi-
tionally, it is important to emphasize that
IDI is not solely intended to evaluate gov-
ernment performance. The indicators, vari-
ables, and aspects that make up IDI do not
only measure the scope of government re-
sponsibilities but also capture the broader
democratic dynamics emerging within so-
ciety [27].

2. Methods And Materials
2.1 Nonparametric regression

Nonparametric regression is an ap-
proach used to identify the relationship pat-
tern between a response variable and pre-
dictor variables when the shape of the re-
gression curve is unknown and there is no
complete prior information about the data
pattern [4]. In general, a nonparametric re-
gression model follows the same structure
as conventional regression models, which
can be expressed by the following Eq. (2.1)
[30]

𝑦𝑖 = 𝑓 (𝑥𝑖) + 𝜀𝑖 , 𝑖 = 1, 2, 3, , 𝑛, (2.1)

where 𝑦𝑖 is the response variable for the 𝑖-th
observation. 𝑓 (𝑥𝑖) is the unknown nonpara-
metric function. 𝜀𝑖 is the error term associ-
ated with the 𝑖-th observation.

2.2 Truncated spline nonparametric re-
gression

A truncated spline is a segmented
polynomial that maintains continuity while
offering a high degree of flexibility [30].
This capability is demonstrated through the
truncated function, where these segments
represent knot points [31]. A univariate
truncated spline function of order q with
knot points 𝜙1, 𝜙2, , 𝜙𝑟 can be expressed by
the following Eq. (2.2) [32].

𝑓 (𝑥) =
𝑞∑

𝑢=0

𝜃𝑢𝑥
𝑢
𝑖 +

𝑟∑
𝑘=1

𝜃𝑞+𝑘 (𝑥𝑖 − 𝜙𝑘)𝑞+ ,

(2.2)

where 𝑥𝑖 is the predictor variable for the i-
th observation. 𝜃𝑢, 𝜃𝑞+𝑘 are coefficients of
the polynomial and truncated spline com-
ponents. + is the + sign in the formula
(𝑥𝑖 − 𝜙𝑘)𝑞+ refers to the positive part func-
tion.

With the truncated function defined
as in the following Eq. (2.3).

(𝑥𝑖 − 𝜙𝑘)𝑞+ =

{
(𝑥𝑖 − 𝜙𝑘), 𝑥𝑖 ≥ 𝜙𝑘

0, 𝑥𝑖 < 𝜙𝑘
,

(2.3)

where 𝜙𝑘 represents the knot points, and
(𝑥𝑖 − 𝜙𝑘)𝑞+ is the truncated spline compo-
nent for each knot.

2.3 Optimal knot point selection
Several methods have been devel-

oped by researchers to determine the op-
timal knot points, one of which is Gener-
alized Cross-Validation (GCV). The GCV
is an extension of the traditional Cross-
Validation (CV) technique, adapted to ac-
commodate nonparametric regression mod-
els. It calculates an estimate of the predic-
tion error by adjusting for the complexity of
the model, which is determined by the num-
ber and placement of knot points. The GCV
minimizes the residual sum of squareswhile
considering the effective degrees of free-
dom, which are influenced by the model’s
smoothing parameter.

The best truncated spline nonpara-
metric regression model is obtained bymin-
imizing the GCV value, which is formu-
lated in the following Eq. (2.4) [33].

𝐺𝐶𝑉 =
𝑛−1

∑𝑛
𝑖=1(𝑦𝑖 − 𝑦𝑖)

(𝑛−1𝑡𝑟𝑎𝑐𝑒(𝐼 − 𝐴(𝜙1, 𝜙2, , 𝜙𝑟 )))
,

(2.4)

where 𝜙1, 𝜙2, , 𝜙𝑟 represents the knot
points, 𝐼 is the identity matrix, and
𝐴(𝜙1, 𝜙2, , 𝜙𝑟 ) can be expressed by the
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following Eq. (2.5).

𝐴(𝜙1, , 𝜙𝑟 ) = 𝑋 (𝜙) [𝑋 (𝜙)𝑇𝑋 (𝜙)]−1𝑋 (𝜙)𝑇 ,
(2.5)

where 𝑋 (𝜙) is the design matrix based on
the knot points.

2.4 Interval estimation of truncated
spline nonparametric regression

The interval estimation of multivari-
able truncated spline nonparametric regres-
sion is obtained by determining the pivotal
quantity for 𝑓𝑖 (𝑥). One approach to deter-
mining the pivotal quantity is by transform-
ing the Equation in the following by Eq.
(2.6) [27].

𝑇𝑖 (𝑥, 𝑦) =
𝑓𝑖 (𝑥) − 𝐸 ( 𝑓𝑖 (𝑥))√
(𝑉𝑎𝑟 ( 𝑓𝑖 (𝑥)))𝑖𝑖

, (2.6)

where 𝑓𝑖 (𝑥) is the predicted value from
the nonparametric regression model.
𝐸 ( 𝑓𝑖 (𝑥)) is the expected value of 𝑓𝑖 (𝑥).
𝑉𝑎𝑟 ( 𝑓𝑖 (𝑥)) = is the variance value of 𝑓𝑖 (𝑥).

The pivotal quantity is a concept used
in statistical inference, particularly in the
construction of confidence intervals and hy-
pothesis testing [34]. It is a function of the
observed data and the parameters of interest
that has a known probability distribution,
independent of the parameters. In the con-
text of your study on interval estimation for
truncated spline nonparametric regression,
the pivotal quantity is used to calculate the
confidence intervals for the estimated val-
ues of the response variable [35]. Based on
Eq. (2.6), the pivotal quantity is obtained as
shown in Eq. (2.7).

𝑇𝑖 (𝑥, 𝑦) =
𝑓𝑖 (𝑥) − 𝑓𝑖 (𝑥)√

𝑦𝑇 (1−𝐴(𝜙) )𝑦
𝑛−(1+𝑝+𝑝𝑟 ) 𝐴(𝜙)𝑖𝑖

. (2.7)

The process of constructing the interval es-
timation for multivariable truncated spline

nonparametric regression can be completed
using a probability equation of size (1 − 𝛼)
with 0 ≤ 𝛼 ≤ 1.

In nonparametric regression, such as
the truncated spline model used in this anal-
ysis, the model is free from parametric as-
sumptions regarding the functional form be-
tween the response variable and the predic-
tors. This means that classical assumptions
such as normality of errors, independence,
and constant variance (homoscedasticity),
which are typically required in linear re-
gression, are not necessary in nonparamet-
ric regression.

However, although nonparametric
regression does not require assumption
checks, the pivotal quantity assumption is
still used to construct confidence intervals.
The pivotal quantity is a statistical quantity
that plays a crucial role in building the esti-
mation interval for predictions or model pa-
rameters. In this context, confidence inter-
vals for predicted IDI values are based on
the distribution of the pivotal quantity, al-
lowing us to calculate the lower and upper
bounds of the estimates at a specified con-
fidence level.

Suppose there is a constant 𝑎𝑖 (𝑥𝑖) =
𝑎𝑖 and 𝑏𝑖 (𝑥𝑖) = 𝑏𝑖 , pivotal quantity𝑇𝑖 (𝑥, 𝑦),
with 𝛼 is the error level, then the probability
equation can be formulated as shown in Eq.
(2.8).

𝑃(𝑎𝑖 ≤ 𝑇𝑖 (𝑥, 𝑦) ≤ 𝑏𝑖) = 1 − 𝛼, 0 < 𝛼 < 1.
(2.8)

This is equivalent to:

𝑃
©­­«𝑎𝑖 ≤

𝑓𝑖 (𝑥) − 𝑓𝑖 (𝑥)√
𝑦𝑇 (1−𝐴(𝜙) )𝑦
𝑛−(1+𝑝+𝑝𝑟 ) 𝐴(𝜙)𝑖𝑖

ª®®¬ = 1 − 𝛼.

(2.9)
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Eq. (2.9) can be rewritten as Eq. (2.10).

𝑃
©­« 𝑓𝑖 (𝑥) − 𝑏𝑖

√
𝑦𝑇 (1 − 𝐴(𝜙))𝑦
𝑛 − (1 + 𝑝 + 𝑝𝑟) 𝐴(𝜙)𝑖𝑖

≤ 𝑓𝑖 (𝑥)

≤ 𝑓𝑖 (𝑥) − 𝑎𝑖

√
𝑦𝑇 (1 − 𝐴(𝜙))𝑦
𝑛 − (1 + 𝑝 + 𝑝𝑟) 𝐴(𝜙)𝑖𝑖

ª®¬
= 1 − 𝛼. (2.10)

Based on the point estimation, Eq. (2.10)
can be constructed into the shortest interval
estimation for the multivariable truncated
spline nonparametric regression curve, as
shown in Eq. (2.11).

𝑃
©­« 𝑓𝑖 (𝑥 ) − 𝑡( 𝛼2 , (𝑛−(1+𝑝+𝑝𝑟 ) ) )

√
𝑦𝑇 (1 − 𝐴(𝜙) )𝑦
𝑛 − (1 + 𝑝 + 𝑝𝑟 ) 𝐴(𝜙)𝑖𝑖

≤ 𝑓𝑖 (𝑥 )

≤ 𝑓𝑖 (𝑥 ) − 𝑡( 𝛼2 , (𝑛−(1+𝑝+𝑝𝑟 ) ) )

√
𝑦𝑇 (1 − 𝐴(𝜙) )𝑦
𝑛 − (1 + 𝑝 + 𝑝𝑟 ) 𝐴(𝜙)𝑖𝑖

ª®¬
= 1 − 𝛼,

(2.11)

where 𝑡 ( 𝛼2 , (𝑛−(1+𝑝+𝑝𝑟 ) ) ) is the critical value
from the 𝑡-distribution at the specified con-
fidence level. 𝑎𝑖 , 𝑏𝑖 are Constants that de-
fine the interval boundaries for the response
variable.

2.5 Indonesian democracy index
The global wave of democratization

can be likened to a tidal surge, displacing
authoritarian regimes and replacing them
with democratic systems. In the wake of
this widespread transformation, there arises
a critical need to evaluate the extent of
democratic progress, including within the
context of Indonesia. For Indonesia, it is es-
sential to assess the development of democ-
racy at the regional level, as the overall suc-
cess of its democratic governance is fun-
damentally linked to the degree to which

democratic principles are cultivated and en-
acted across its provinces.

The Indonesian Democracy Index
(IDI) is a comprehensive and empirical
measurement tool designed to assess the
state of political democracy in Indonesia.
It evaluates the nation’s democratic devel-
opment across three core dimensions: civil
liberties, political rights, and democratic
institutions. The primary aim of the IDI
is to provide a quantitative assessment of
democratic progress, offering a systematic
approach to measure the advancement of
democracy. As such, the IDI serves as a vi-
tal diagnostic tool for evaluating democratic
performance, both at the national level and
within each province, providing insights
into areas of strength and those requiring
further attention for democratic consolida-
tion [27].

3. Result and Discussions
3.1 Description of data

The data used in this study is sec-
ondary data, specifically the Indonesian
Democracy Index (IDI). The population in
this study consists of all provinces in In-
donesia, while the sample includes IDI data
from 34 provinces in Indonesia for the year
2023. The Indonesian Democracy Index
serves as the response variable, with seven
predictor variables utilized in this study. A
detailed presentation of the variables used
is provided in Table 1.

3.2 Data exploration
Based on the descriptive statistics

analysis, it can be observed that no province
in Indonesia has a low Indonesian Democ-
racy Index (IDI) score. All provinces fall
within the medium and high categories,
indicating an overall improvement in the
quality of democracy across the country.
This descriptive statistics analysis provides
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Table 1. Research Variables.
Notation Variable Description Operational Definition

𝑌 IDI Indonesian Democracy Index
Index measuring the level of democracy in
Indonesia across civil liberties, political rights,
and democratic institutions.

𝑋1 GDI Gender Development Index Index measuring gender disparity in development,
focusing on gender-related aspects of human development.

𝑋2 RGDP Regional Gross Domestic Product Growth Rate The annual percentage change in the Gross Domestic Product
of a region, reflecting economic growth.

𝑋3 PPP Percentage of Poor Population The proportion of the population living below
the poverty line in each region.

𝑋4 ICTDI Information and Communication Technology Development Index Index measuring the development of information and
communication technology infrastructure and usage.

𝑋5 GR Gini Ratio A measure of income inequality in a region.

𝑋6 GEI Gender Empowerment Index Index measuring the empowerment of women based on economic,
political, and social participation.

𝑋7 WPP Women’s Participation in Parliament The percentage of seats held by women in the parliament of
a region.

Fig. 1. Scatter plot of predictor variables.

an overview of the distribution of IDI scores
at the provincial level, suggesting that while
there are differences between provinces, the
majority show positive progress in demo-
cratic development.

Next, a scatter plot for each predic-
tor variable is presented in Fig. 1. This plot
will provide a visual representation of the
relationship between the variables influenc-
ing IDI across provinces.

Based on Fig. 1, it can be observed
that the data pattern between the response
variable (IDI) and all predictor variables

does not follow a specific trend. The data
points are scattered, with some observations
positioned far from the primary data distri-
bution. This suggests that a nonparamet-
ric regression approach is a suitable choice,
given its flexibility in handling nonlinear re-
lationships and unstructured data patterns,
as illustrated by the scatter plot.

Based on Fig. 2, the IDI displays a
fluctuating trajectory over the years, high-
lighting the dynamic and evolving nature
of democracy in Indonesia. Although the
IDI has shown improvements in certain
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years, there have been notable periods of
decline. In 2023, the index recorded a de-
crease relative to the previous year. This
trend warrants a more comprehensive anal-
ysis to identify the underlying factors con-
tributing to these fluctuations and to deter-
mine the necessary actions for strengthen-
ing the quality of democracy moving for-
ward.

Fig. 2. The IDI from 2015 to 2023.

3.3 Multicollinearity check
Multicollinearity occurs when the

Variance Inflation Factor (VIF) exceeds 10.
Table 2 presents the VIF values for each
predictor variable, allowing us to assess the
degree of correlation among them. If any
variable has a VIF greater than 10, it may
need to be addressed through variable se-
lection or transformation to improve model
reliability.

Table 2. Multicollinearity Check Using VIF.

Predictor Variables VIF
GDI 1.94
RGDP 1.38
PPP 2.26
ICTDI 3.16
GR 1.50
GEI 6.01
WPP 5.72

Based on Table 2, all predictor vari-
ables have VIF values below 10, indicating
that there is no multicollinearity among the
predictor variables. This ensures that the

regression model can provide reliable esti-
mates without significant distortion due to
highly correlated independent variables.

3.4 Selection of optimal knot points
The optimal knot points are selected

by identifying the model that minimizes the
Generalized Cross-Validation (GCV) value.
Table 3 presents the GCV values for models
with one, two, and three knot points. The
model that achieves the lowest GCV value
is deemed the most optimal, as it strikes the
best balance betweenmodel complexity and
goodness of fit, thereby ensuring that the
model is neither overfitting nor underfitting
the data.

Table 3. Comparison of Minimum GCV Val-
ues.

Number of Knot Points Minimum GCV Values
1 15.63
2 7.19
3 6.16

Based on Table 3, the optimal knot
points are determined to be three knots.
With these knots, the nonparametric trun-
cated spline regression model is formulated
as follows:
𝑦𝑖 = 39.35+ 0.41𝑥1𝑖 − 2.89𝑥2𝑖 + 18.02𝑥3𝑖 −
6.40𝑥4𝑖 + 98.24𝑥5𝑖 + 57.09𝑥6𝑖 − 153.65𝑥7𝑖 +
1.89(𝑥1𝑖 − 83.34)+ + 0.03(𝑥2𝑖 − 85.04)+ −
39.61(𝑥3𝑖 − 89.57)+ − 1.10(𝑥4𝑖 − 4.14)+ −
82.82(𝑥5𝑖 − 6.47)+ + 28.54(𝑥6𝑖 − 12.70)+ −
62.49(𝑥7𝑖 − 6.97) − 0.34(𝑥1𝑖 − 9.70)+ +
0.13(𝑥2𝑖 − 16.96)+ − 19.20(𝑥3𝑖 − 3.98)+ −
0.73(𝑥4𝑖 − 4.51)+ − 41.41(𝑥5𝑖 − 5.94)+ −
10.83(𝑥6𝑖 − 0.27)+ + 87.14(𝑥7𝑖 − 0.30)+ −
1.33(𝑥1𝑖 − 0.36)+ − 5.93(𝑥2𝑖 − 56.69)+ −
12.80(𝑥3𝑖 − 60.10)+ − 0.37(𝑥4𝑖 − 69.19)+ +
81.73(𝑥5𝑖 − 5.42) + 75.41(𝑥6𝑖 − 9.30)+ +
43.57(𝑥7𝑖 − 19.64)+

The truncated spline nonparametric
regression model for the IDI data, using
three knot points, has a coefficient of de-
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termination of 97.81%. This means that
the predictor variables used in this study, is
GDI (𝑥1), RGDP (𝑥2), PPP(𝑥3), ICTDI (𝑥4),
GR (𝑥5), GEI(𝑥6), dan WPP(𝑥7) can ex-
plain 97.81% of the variation in IDI. While
this high value may raise concerns about
overfitting, the best model was selected
based on the Generalized Cross-Validation
(GCV) value, which is an effective method
for preventing overfitting in nonparametric
models. Thus, a high coefficient of deter-
mination reflects the model’s ability to fit
the data more accurately without indicating
overfitting.

To further assess the predictive ac-
curacy of the model, several error met-
rics were calculated: Mean Squared Er-
ror (MSE), Root Mean Squared Error
(RMSE), and Mean Absolute Percentage
Error (MAPE). The MSE value was found
to be 4.998, indicating that, on average, the
squared differences between the actual and
predicted IDI values are relatively small,
which suggests the model is effective at
minimizing these errors. The RMSE, which
is the square root of the MSE, was 2.236,
providing an errormeasure in the same units
as the IDI. This makes it more interpretable,
showing that the model’s predictions de-
viate by approximately 2.236 points from
the actual IDI values. Additionally, the
MAPE was calculated to be 2.179%, mean-
ing that, on average, the model’s predic-
tions are 2.179% off from the true values.
These error metrics collectively highlight
that the model is performing well, with pre-
dictions being relatively close to the actual
IDI scores, and demonstrate that the model
is both accurate and reliable in capturing the
relationship between the predictor variables
and the IDI.

3.5 Model results with interval estima-
tion

The interval estimation results for the
multivariable truncated spline nonparamet-
ric regression curve are presented in Table
4.

Based on Table 4, it is observed
that out of the 34 actual IDI data points,
8 provinces were accurately estimated.
These provinces are Kepulauan Riau, DKI
Jakarta, Bali, Central Kalimantan, North
Sulawesi, Central Sulawesi, North Maluku,
and Papua. Furthermore, Table 8 can be vi-
sualized as a comparison graph between the
actual data and predicted values, as shown
in Fig. 3.

Based on Fig. 3, it can be observed
that the predicted data tends to follow the
pattern of the actual data. Furthermore, a
visualization will be created to illustrate this
relationship. However, the point estima-
tion results obtained fall within the inter-
val range defined by the upper and lower
bounds of the model. The IDI score in-
terval analysis indicates the possibility that
several provinces may experience signifi-
cant improvements in their democratic per-
formance, shifting from the moderate cate-
gory to the high category, or vice versa. Ac-
cording to the Badan Pusat Statistik (BPS),
an IDI score is considered high if it is above
80%, moderate if it falls between 60 and 80,
and low if it is below 60. The IDI score in-
terval analysis is presented in Table 5.

Based on Table 5, it is evident that
16 provinces have experienced a decline in
their IDI classification. These provinces
may undergo a transition in their democratic
performance. This situation calls for a
more in-depth analysis to identify strategies
for improving their democracy performance
category. Additionally, 18 provinces are
estimated to see an improvement in their
IDI scores. The primary objective of this
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Table 4. Interval estimation results for the regression curve.

Province Actual Curve Point Estimation of the Curve Interval Estimation of the Curve
Upper Bound Lower Bound

Aceh 77.53 75.48 83.50 67.46
North Sumatera 80.34 78.86 84.74 72.98
West Sumatera 76.27 76.25 91.23 61.27
Riau 75.55 78.08 86.56 69.60
Jambi 74.47 77.89 82.77 73.01
South Sumatera 78.17 80.25 87.00 73.49
Bengkulu 74.26 75.73 84.12 67.35
Lampung 78.37 77.67 84.08 71.26
Kep. Bangka Belitung 75.95 77.66 88.91 66.41
Kep. Riau 77.66 77.66 92.64 62.68
DKI Jakarta 84.57 84.57 99.55 69.58
West Java 83.04 79.43 87.70 71.16
Central Java 80.87 79.60 85.26 73.94
DI Yogyakarta 83.88 83.90 98.89 68.92
East Java 82.01 79.20 85.75 72.65
Banten 75.83 79.66 87.44 71.89
Bali 85.13 85.13 100.11 70.14
West Nusa Tenggara 70.03 68.99 82.30 55.69
East Nusa Tenggara 77.39 74.80 85.52 64.08
West Kalimantan 81.69 78.08 87.76 68.41
Central Kalimantan 77.57 77.57 92.55 62.58
South Kalimantan 80.44 80.49 89.14 71.85
East Kalimantan 82.28 80.26 91.03 69.49
North Kalimantan 80.47 76.84 85.04 68.63
North Sulawesi 76.27 76.27 91.25 61.29
Central Sulawesi 79.13 79.13 94.11 64.15
South Sulawesi 76.43 80.10 87.92 72.27
Southeast Sulawesi 77.03 79.31 85.34 73.29
Gorontalo 79.71 76.06 86.62 65.51
West Sulawesi 74.55 77.73 88.38 67.08
Maluku 69.35 69.32 84.31 54.34
North Maluku 65.57 65.57 80.55 50.59
West Papua 65.55 69.81 81.99 57.63
Papua 67.64 67.64 82.62 52.66

method is to provide more realistic and cau-
tious predictions regarding the development
of democracy in each province. Interval es-
timates provide not only a single predicted
value (point), but also a range of values
(lower and upper bounds) that reflect the
potential IDI score for a region. This range
demonstrates uncertainty, social variability,
and possible changes resulting from politi-
cal, economic, and social dynamics in the
area.

These findings demonstrate that

democratic dynamics at the provincial level
are not linear and are always influenced
by various local social, economic, and
policy factors. Any decline in the IDI
classification is not merely a statistical
figure, but rather a reflection of funda-
mental challenges faced by society, such
as reduced space for public participation,
weakened human rights protections, or the
suppression of the voices of vulnerable
groups in decision-making. Conversely,
for provinces predicted to experience an
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Fig. 3. Graph of actual vs. predicted data.

increase in their IDI scores, opportunities to
build more inclusive and equitable demo-
cratic practices are greater. The interval
data generated from this analysis provides
a starting point for stakeholders to design
interventions based on real needs: democ-
racy literacy programs, strengthening
spaces for citizen dialogue, and ensuring
government transparency. Thus, the ben-
efits of democracy are not only measured
in terms of numerical achievements but are
truly felt in the form of access, justice, and
respect for the dignity of every individual
in community life.

This analysis underscores the need
for targeted interventions and strategies tai-
lored to the specific needs of each province.
For provinces with potential for improve-
ment, such as South Sumatera or East
Kalimantan, policy measures aimed at en-
hancing public participation, strengthen-
ing democratic institutions, and improv-
ing civil liberties could help shift the IDI

score into the high category. Conversely,
provinces showing potential decline, like
West Nusa Tenggara and Papua, may re-
quire focused attention to address chal-
lenges such as economic inequality, polit-
ical instability, or weak democratic insti-
tutions to prevent their democratic scores
from declining.

4. Conclusion
From the analysis and discussion,

this nonparametric regression with a trun-
cated spline model of 3 knots has been
sufficiently precise for capturing the vari-
ation in IDI performance across provinces,
represented by the high coefficient of de-
termination at 97.81%. The interval es-
timation results indicate that 16 provinces
are estimated to have their IDI perfor-
mance decrease, but the estimates suggest
an improvement in IDI performance of 18
provinces. These results highlight the im-
portance of public participation in decision-
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Table 5. IDI criteria for point and interval estimation results.

Provinces IDI Actual IDI Criteria Estimation Point Results IDI Criteria Estimation Interval Results
Upper Bound Lower Bound

Aceh Medium Medium High Medium
North Sumatera High Medium High Medium
West Sumatera Medium Medium High Medium
Riau Medium Medium High Medium
Jambi Medium Medium High Medium
South Sumatera Medium High High Medium
Bengkulu Medium Medium High Medium
Lampung Medium Medium High Medium
Kep. Bangka Belitung Medium Medium High Medium
Kep. Riau Medium Medium High Medium
DKI Jakarta High High High Medium
West Java High Medium High Medium
Central Java High Medium High Medium
DI Yogyakarta High High High Medium
East Java High Medium High Medium
Banten Medium Medium High Medium
Bali High High High Medium
West Nusa Tenggara Medium Medium High Low
East Nusa Tenggara Medium Medium High Medium
West Kalimantan High Medium High Medium
Central Kalimantan Medium Medium High Medium
South Kalimantan High High High Medium
East Kalimantan High High High Medium
North Kalimantan High Medium High Medium
North Sulawesi Medium Medium High Medium
Central Sulawesi Medium Medium High Medium
South Sulawesi Medium High High Medium
Southeast Sulawesi Medium Medium High Medium
Gorontalo Medium Medium High Medium
West Sulawesi Medium Medium High Medium
Maluku Medium Medium High Low
North Maluku Medium Medium High Low
West Papua Medium Medium High Low
Papua Medium Medium High Low

making for improving the quality of democ-
racy in Indonesia.

For future research, it is worth ex-
tending the methodology with other non-
parametric models that could better fit the
complex relationships between the vari-
ables. One avenue worth exploring would
be to take the approach of using estimators
based on Fourier series or kernels in non-
parametric regression, which may be more
flexible at capturing the nonlinear structure
present in our data.

Moreover, to see whether one can
gain any additional insights about the
strengths/weaknesses of each approach
in modeling democratic performance,
we could compare our results against
those with more typical ML models like
random forests or SVMs. The methods
could further enrich our understanding
of what drives the IDI at the provincial
level and make an essential theoretical and
practical contribution to the development
of democracy in Indonesia.
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