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Abstract

This study aims to develop and apply a semiparametric Structural Equation Modeling (SEM)
approach that integrates quadratic and truncated spline estimation, enhanced with a double
bootstrap resampling method. Semiparametric SEM is used to overcome the limitations
of conventional SEM, particularly when data complexity and social behavior do not fully
satisfy the linearity assumptions. The model was applied to analyze the public mindset and
participation in waste management based on the 3R (Reduce, Reuse, Recycle) principle,
focusing on the role of waste banks in optimizing the economic value of waste. The truncated
spline approach enables flexible modeling of non-linear relationships among latent variables,
while the quadratic term captures global curvature effects. Furthermore, the double bootstrap
approach yields smaller standard errors and higher relative efficiency in parameter estimation.
The simulation and empirical results demonstrate that the semiparametric SEM with double
bootstrap produces higher model stability and more accurate parameter estimation compared
to the single bootstrap approach. This method provides a robust analytical framework for
modeling complex social phenomena, such as community-based waste management.
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1 Introduction

Structural equation modeling (SEM) is a statistical approach that allows researchers to ex-
amine multiple relationships among variables at the same time, including the links between
constructs and their indicators [1]. This method is particularly useful when dealing with latent
variables—variables that cannot be observed directly and must be represented through their
measured indicators [1]. SEM integrates two interconnected components: the structural model
and the measurement model [2], [3]. The structural, or inner model, explains how constructs
influence one another, while the measurement, or outer model, specifies how each construct is
operationalized through its corresponding indicators [4].

The semiparametric approach is used when some of the relationships between variables are
known, while the rest are unknown [5], [6]. One of the estimation methods in the nonparametric
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approach is the spline, specifically the truncated spline [7], [8], [9]. In the semiparametric approach,
truncated splines serve as a bridge between the flexibility of the nonparametric approach and
the parametric approach. Parametric SEM assumes linear relationships between variables,
with an extension in the form of quadratic SEM to capture nonlinear effects (interactions and
quadratic) [10]. Conversely, nonparametric SEM is not bound to a specific function form and
uses truncated splines to model unknown relationships [11]. The combination of the two gives
rise to semiparametric SEM, which is capable of capturing quadratic patterns and local patterns
flexibly. Bootstrap resampling is a resampling technique used to estimate distributions, measure
uncertainty, and construct confidence intervals. The bootstrap resampling method is used in
situations where the data is not normally distributed, the sample size is small, or the model
has a complex structure [12]. SEM, especially the semiparametric approach, makes parameter
estimation complex.

Waste management within the framework of the circular economy reflects efforts to transform
waste into a valuable economic resource. Through reduce, reuse, and recycling processes, waste
can be converted into value-added products that generate new business opportunities and
reduce waste management costs [13]. The comprehensive economic management of waste from
upstream to downstream is aimed at providing economic benefits to the community while ensuring
environmental safety [14]. This requires a paradigm shift in waste management, from focusing
solely on final disposal to adopting a holistic approach that views waste as an economically
valuable resource [15]. One of the most effective community-based initiatives is the waste bank
system, where residents can exchange sorted waste for economic incentives. This system has been
shown to improve public motivation and participation in proper waste sorting and management
practices [16].

The Semiparametric SEM approach was used to analyze people’s mindset toward the economic
value of waste because complex social data did not fully meet the assumption of linearity. This
approach is considered to be more flexible than parametric and nonparametric methods in model-
ing the relationship between latent variables. Meanwhile, double bootstrap has been introduced
in PLS-SEM as an alternative resampling approach, and a prior studies suggest that it may
enhance inferential properties compared to the single bootstrap [17]. The SEM Semiparametric
approach with double bootstrap was implemented in the case of waste management in Batu City
by analyzing the influence of the quality of facilities and infrastructure and the use of waste
banks on understanding 3R management and waste economic management.

Nevertheless, the application of semiparametric SEM in the context of waste management
and understanding its economic value is still rarely discussed in the literature, especially when
the relationship between variables is nonlinear. This gap highlights the necessity for a method
which is able to deal with complex relationship phenomena rather than parametric models. This
research aims to construct a spline-based semiparametric SEM model with the support of a
double bootstrap procedure to better determine the effects of these variables in shaping public
understanding of 3R management and the economic value of waste. The key contribution of
this study lies in strengthening the methodological aspects by incorporating splines and double
bootstrap, which result in more stable estimates while offering a more adaptive analytical approach
to understanding public behavior and perceptions within the circular economy framework.

2 Methods

2.1 Data and Research Variables

The research was conducted using primary data and simulations. The research population
consisted of communities from 24 villages and sub-districts in Batu City, with respondents
aged 17 years and over. The research sample consisted of residents living in The Batu District,
determined using a quota sampling of 100 respondents. The research variables used were Quality
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of Facilities and Infrastructure (X1), Waste Banks (X2), 3R-Based Waste Management (Y1), and
Waste Economic Management (Y2). All variables were tested for validity and reliability. The
results showed that every questionnaire item met the criteria, indicating that all items were valid
and reliable, and therefore suitable for further analysis. The variables used in this study are
represented through several indicators as in the Table 2.1 below.

Table 1: Research Variables
Variable Indicator
Quality of Facilities and Infrastructure (X1) Facilities and Infrastructure Maintenance (X1.1)

Quality of Facilities and Infrastructure (X1.2)
Ease of Use of Facilities and Infrastructure (X1.3)

Waste Banks (X2) Waste Banks in Residents’ Homes (X2.1)
Effectiveness of Waste Banks (X2.2)
Operational Efficiency of Waste Banks (X2.3)

3R-Based Waste Management (Y1) Effectiveness of Reduce (Y1.1)
Effectiveness of Reuse (Y1.2)
Effectiveness of Recycle (Y1.3)

Waste Management Economics (Y2) Efficiency of Waste Management Economics (Y2.1)
Waste as an Economic Resource (Y2.2)
Sustainability of Waste Management Economics (Y2.3)

2.2 Research Model and Research Steps

The research model used can be seen in Fig. 1.

Figure 1: SEM Path Diagram

The model used in Fig. 1 employs semiparametric Structural Equation Modeling (SEM). The
analysis was conducted using RStudio with the following steps:

1. Inputting primary data.
2. Defining variables and indicators for the exogenous, mediating endogenous, and pure

endogenous constructs.
3. Specifying the structural model (inner model) and the measurement model (outer model),

with all latent variable indicators treated as formative.
4. Creating a path diagram and converting it into a system of equations.
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5. Assessing linearity using the Ramsey RESET test and the modified quadratic Ramsey
RESET test.

6. Estimating the parameters of both the measurement model and the structural functions.
7. Selecting the optimal order and knot for the nonparametric component based on the

smallest Generalized Cross-Validation (GCV) value.
8. Performing semiparametric SEM for linear and quadratic specifications, followed by double

bootstrap testing for direct and indirect effects.
9. Evaluating the goodness of fit using R2

adj.
10. Conducting simulation studies with repeated replications to assess model stability and

performance under different relationship patterns.

2.3 Linearity Assumption

The SEM framework assumes that both the links between latent variables and their indicators,
as well as the relationships among latent variables in the inner model, follow a linear, quadratic,
or cubic form. To assess this assumption, the Ramsey RESET procedure is applied, and the
main steps of the test are outlined in [18].

1. Determining the first regression equation (linear regression) as in the following equation.

Yi = β0 + β1X1i + εi (1)

Ŷi = β̂0 + β̂1X1i (2)

Next, calculate the residual standard error R2
1 denotes the coefficient of determination of

the restricted model (linear regression) using Eq. 3 below.

R2
1 = 1 −

∑n
i=1(Yi − Ŷi)2∑n
i=1(Yi − Ȳ )2 (3)

2. Determine the second regression equation as a comparison model as shown in Eq. 4 and
Eq. 5.

Yi = β∗
0 + β∗

1X1i + β2Ŷ 2
i + β3Ŷ 3

i + εi (4)

Ŷ ∗
i = β̂∗

0 + β̂∗
1X1i + β̂2Ŷ 2

i + β̂3Ŷ 3
i (5)

Then, the calculation of R2
2 (denotes the coefficient of determination of the unrestricted

model) is performed using the following Eq. 6:

R2
2 = 1 −

∑n
i=1(Yi − Ŷ ∗

i )2∑n
i=1(Yi − Ȳ )2 (6)

3. Testing whether the relationship is linear or not.
Hypothesis for Ramsey’s RESET:

H0 : β2 = β3 = 0 (Linear relationship between variables),
H1 : There is at least one βj ̸= 0, j = 2, 3.

The test statistic follows an F distribution as in Eq. 7:

F = (R2
2 − R2

1)/q

(1 − R2
2)/(n − kur)

∼ F(q,n−kur) (7)

where:
q = 2
kur = 4
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kur denotes the number of parameters in the unrestricted model (including the intercept)
The decision is to reject H0 if the test statistic

F > Fα(q, n − kur)

or when the p-value < 0.05, which means the relationship between variables is nonlinear.
The subsequent procedure is the modified Ramsey RESET test, which is used when the

association between variables is suspected to be nonlinear. This test aims to evaluate whether
the relationship follows a quadratic form. The steps for conducting the modified Ramsey RESET
test are as follows [18].

1. Determine the first regression equation (quadratic regression) as in the following equation.

Yi = β0 + β1X1i + β2X2
1i + εi (8)

Ŷi = β̂0 + β̂1X1i + β̂2X2
1i (9)

Next, calculate the residuals (R2
1) denotes the coefficient of determination of the restricted

model (quadratic regression) using Eq. 10:

R2
1 = 1 −

∑n
i=1(Yi − Ŷi)2∑n
i=1(Yi − Ȳ )2 (10)

2. Determine the second regression equation as a comparison model as in Eq. 11 and Eq. 12.

Yi = β∗
0 + β∗

1X1i + β∗
2X2

1i + β3Ŷ 2
i + β4Ŷ 3

i + εi (11)

Ŷ ∗
i = β̂∗

0 + β̂∗
1X1i + β̂∗

2X2
1i + β̂3Ŷ 2

i + β̂4Ŷ 3
i (12)

Then, the calculation of R2
2 (denotes the coefficient of determination of the unrestricted

model) is performed using Eq. 13:

R2
2 = 1 −

∑n
i=1(Yi − Ŷ ∗

i )2∑n
i=1(Yi − Ȳ )2 (13)

3. Testing whether the relationship is linear or not.
Hypothesis for Ramsey’s RESET:

H0 : β3 = β4 = 0 (Quadratic relationship between variables),
H1 : There is at least one βj ̸= 0, j = 3, 4.

The test statistic follows an F distribution as in Eq. 14:

F = (R2
2 − R2

1)/q

(1 − R2
2)/(n − kur)

∼ F(q, n−kur) (14)

where:
q = 2
kur = 5
kur denotes the number of parameters in the unrestricted quadratic model (including the
intercept)
If the test statistic F < Fα(q, n−kur) or when the p-value > 0.05, then accept H0, meaning
the relationship between variables is quadratic. Conversely, if p-value < 0.05, then reject H0,
meaning the relationship is not quadratic and should be approached using a nonparametric
method.
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2.4 Structural Equation Modeling

SEM integrates the structural model and the measurement model within a single analytical
framework. The structural or inner model represents the connections among latent variables,
while the measurement or outer model specifies how each latent variable is linked to its indicators.
These two components are more easily interpreted when illustrated through a path diagram. The
path diagram derived from the development of both the inner and outer models is presented in
Fig. 2.

Figure 2: Path Diagram

The measurement model, or outer model, explains how latent variables are linked to their
respective indicators. In constructing an outer model, researchers must decide whether each
latent variable is measured reflectively or formatively [1]. This determination can be guided
by theoretical foundations, findings from prior studies, empirical considerations, as well as the
researcher’s intuition and logical reasoning [1]. In a formative indicator model, the latent variable
is illustrated as an ellipse with arrows pointing toward it from its indicators. These arrows signify
that the indicators collectively construct the latent variable. The corresponding path analysis in
the outer model can be expressed through the following equation.

Exogenous latent variables with formative properties

x1i = λx11X11i + λx12X12i + λx13X13i + δx1i (15)

x2i = λx21X21i + λx22X22i + λx23X23i + δx2i (16)
Endogenous latent variables with formative properties

y1i = λy11Y11i + λy12Y12i + λy13Y13i + δy1i (17)

y2i = λy21Y21i + λy22Y22i + λy23Y23i + δy2i (18)
In SEM analysis, it is possible to have relationships between latent variables in the form of

propositions, so this analysis can be used in exploratory relationship analysis. The inner model
linear equation can be written in the following equation.

Y1i = β11X1i + β21X2i + ε1i (19)

Y2i = β12X1i + β22X2i + γ12Y1i + ε2i (20)
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2.5 Semiparametric Structural Equation Modeling (SEM)

If it is assumed that the entire inner model is nonparametric, then a nonparametric structural
model equation can be formed as in the following equation.

Y1i = f1(X1i) + ε1i (21)

Y2i = f2(X1i, Y1i) + ε2i (22)

The nonparametric truncated linear spline (order m = 1) SEM equation model using one
knot can be written in the following equation:

f̂(X1i) = β̂0 +
p∑

j=1
β̂jXji +

K∑
k=1

δ̂k(X1i − Kk)p
+ (23)

With the truncated function:

(Xi − Kk)p
+ =

{
(Xi − Kk)p, Xi ≥ Kk,

0, Xi < Kk

(24)

Semiparametric truncated spline Structural Equation Modeling extends the principles of
semiparametric regression and semiparametric path analysis. This approach is particularly useful
when certain relationship structures in the model are known, while others remain unspecified.
Despite its potential, the application of semiparametric SEM using truncated spline techniques
has been relatively limited in existing research. In semiparametric SEM, the optimal knot
configuration is determined by identifying the model with the lowest Generalized Cross Validation
(GCV) value. GCV serves as an internal evaluation method used to choose both the number and
position of knots in each model. The most appropriate spline estimator is the one associated
with this optimal knot selection. The GCV expression is presented below.

GCV (K) = MSE(K)
[n−1 trace(I − A(K))]2

(25)

where
MSE(K) = n−1

n∑
i=1

(yi − ŷi)2,

K is the knot, and the matrix A(K) is obtained from:

A[K] = X[K]
(
X[K]T Σ̂−1X[K]

)−1
X[K]T Σ̂−1 (26)

Eq. 26 is a function of the knot, and K = (K1, K2, . . . , Kk)T is the knot value.

2.6 Resampling Double Bootstrap

Bootstrap resampling is a technique that generates multiple random samples using a “resampling
with replacement” procedure, meaning each selected observation is returned to the dataset before
the next draw. In this method, the number of resampled observations does not exceed the size of
the original dataset. The steps for estimating standard errors through the bootstrap approach
are outlined as follows.

1. Determine the number of B iterations in the bootstrap sample (xy∗
1, xy∗

2, . . . , xy∗
B) obtained

by randomly sampling with replacement n elements from the original sample.
2. Calculate the bootstrap replication as in the following equation.

θ̂∗
(b) = s

(
xy∗

(b)
)
, b = 1, 2, . . . , B (27)
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3. Estimate the standard error as in the following equation.

SEθ̂∗ =

√√√√∑B
b=1

(
θ̂∗

(b) − ¯̂
θ∗

(.)

)2

B
(28)

where
¯̂
θ∗

(.) = 1
B

B∑
b=1

θ̂∗
(b)

The double bootstrap procedure introduced in 1988, which is a bootstrap technique that uses
two levels of resampling [19]. The procedure begins by performing bootstrap B1 replications.
The procedure then continues by performing bootstrap B2 replications. Therefore, the total
number of test statistics calculations that must be performed is B1 + B1B2. After obtaining
the first bootstrap data set xy∗

(b) and the test statistic value τ̂∗
b , with b = 1, 2, . . . , B1, for each

first bootstrap sample, a second bootstrap data set is generated, denoted by xy∗
(bj) and the test

statistic value τ̂∗
bj , with b = 1, 2, . . . , B1 and j = 1, 2, . . . , B2.

The evaluation of resampling methods can be conducted by comparing their relative efficiency
values. Relative efficiency expresses the ratio of variance between two estimators, indicating
which method provides more stable estimates [19], [20]. It can be formulated as Eq. 29.

Eff(β̂DB, β̂SB) = V (β̂SB)
V (β̂DB)

(29)

Where:

V (β̂SB) : Variance of the parameter estimator obtained using the Single Bootstrap technique
V (β̂DB) : Variance of the parameter estimator obtained using the Double Bootstrap technique

2.7 Simulation Study Design

A simulation study was conducted to evaluate the robustness and flexibility of the proposed
semiparametric SEM framework under different functional relationship patterns. The simulation
employed a sample size of n = 100, consistent with the empirical application, to maintain
comparability between simulated and observed data.

The data generating process (DGP) was specified to reflect the structural configuration of
the proposed SEM, consisting of two exogenous variables (X1, X2), one moderating variable
(Y1), and one endogenous variable (Y2). The structural equations were generated as Eq. 19 and
Eq. 20, with functional forms specified as linear, quadratic, or nonparametric depending on the
simulation scenario. Linear scenarios used the original forms of Eq. 19 and Eq. 20, quadratic
scenarios incorporated squared terms in the relevant paths, and nonparametric scenarios modeled
the nonlinear components using truncated spline functions with a predifined knot. The error
terms were independently generated from a normal distribution, ε ∼ N (0, σ2), with constat
variance across replications. All true parameter values were fixed across replications to ensure
comparability of model performance across scenarios.

Six simulation scenarios were constructed by varying the functional form (linear, quadratic,
truncated spline) and their positions in the structural model. Each scenario was replicated
100 times. Model performance was evaluated using the coefficient of determination R2, wich
was computed for each replication and subsequently averaged across replications to obtain the
reported values.
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3 Results and Discussion

3.1 Linearity Test

The results of the test using Ramsey’s RESET test can be seen in the following table.

Table 2: Linearity Test Results
Relationship Linear Quadratic Cubic

p-value Result p-value Result p-value Result
X1 → Y1 0.423 Linear 0.017 Not Quadratic 0.017 Not Cubic
X1 → Y2 0.387 Linear 0.038 Not Quadratic 0.021 Not Cubic
X2 → Y1 0.041 Not Linear 0.013 Not Quadratic 0.008 Not Cubic
X2 → Y2 0.046 Not Linear 0.212 Quadratic 0.040 Not Cubic
Y1 → Y2 0.451 Linear 0.018 Not Quadratic 0.015 Not Cubic

Based on Table 2, it can be seen that the results of linearity testing between each variable as
follows:

1. The p-value for the relationship between Quality of Facilities and Infrastructure (X1) and
3R-Based Waste Management (Y1) exceeds α = 0.05, indicating that this relationship is
linear.

2. The relationship between Quality of Facilities and Infrastructure (X1) and Waste Manage-
ment Economics (Y2) also shows a p-value greater than α, confirming a linear form.

3. For the relationship between Waste Banks (X2) and 3R-Based Waste Management (Y1), the
p-value is below α, suggesting nonlinearity. A modified Ramsey RESET test was therefore
conducted, but the form of the relationship could not be determined, leading to the use of
a nonparametric approach.

4. The relationship between Waste Banks (X2) and Waste Management Economics (Y2)
likewise yields a p-value below α, indicating nonlinearity. The modified Ramsey RESET
test identified this relationship as quadratic.

5. Meanwhile, the p-value for the relationship between 3R-Based Waste Management (Y1) and
Waste Management Economics (Y2) is above α, allowing the conclusion that the relationship
is linear.

3.2 Optimal Knot

Generalized Cross Validation (GCV) is used to determine the location of the optimal knot point.
The optimal knot point is determined based on the smallest GCV value. The knot and GCV
values are shown in Table 3.

Table 3: Optimal Knot Point
No Knot GCV R2

adj
1 0.420 0.625 0.812
2 -1.310 0.642 0.798

Based on the GCV calculation results in Table 3, it can be seen that the smallest GCV value
is obtained at 1 knot point, K = 0.420, with GCV = 0.625 and R2

adj = 0.812. Therefore, the knot
point at X2 = 0.420 was selected as the optimal knot for the nonparametric function f1(X2).
The spline specification consequently distinguishes two regimes in the predictor domain, namely
for X2 < 0.420 and X2 > 0.420, each indicating different functional patterns in the relationship
between X2 and Y1.
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3.3 Measurement Model

The results of the measurement model for each variable indicator can be seen based on the outer
weight. The outer weight is presented in Table 4.

Table 4: Outer Weight
Variable Indicator Coefficients Standard Error t-test Statistics p-value

X1

X1.1 0.812 0.068 11.941 0.002
X1.2 0.743 0.074 10.040 0.003
X1.3 0.879 0.063 13.952 0.001

X2

X2.1 0.691 0.077 8.974 0.004
X2.2 0.755 0.069 10.942 0.003
X2.3 0.720 0.090 8.000 0.003

Y1

Y1.1 0.834 0.064 13.031 0.001
Y1.2 0.788 0.066 11.939 0.002
Y1.3 0.665 0.095 7.000 0.004

Y2

Y2.1 0.702 0.070 10.029 0.003
Y2.2 0.817 0.054 15.130 0.001
Y2.3 0.760 0.069 11.014 0.002

As the formative measurement results indicate in Table 4, all indicators are significantly
related to their constructs at p-value < 0.01 in all domains. Regarding the Quality of Facilities
and Infrastructure construct (X1), each of maintenance, facility quality, and ease of use are
significant (p-value < 0.001) further suggesting to us that each factor has a relevant influence on
X1. Ease of use offers the most significant incremental contribution of these aspects, implying
that user-friendly facilities matter the most in shaping the construct and maintenance and quality
are important auxiliary components.

In the case of X2 for the Waste Banks construct, all indicators of the existence of the waste
banks in households, perceived effectiveness, and operational efficiency are significant (p-value <
0.01). The effectiveness indicator has the strongest contribution to X2, reflecting that community
perceptions of effective waste banks become the prime instrument to inform this construct. The
relevance of the remaining indicators, for now, also indicates that household participation and
operational performance contribute to the construct’s conceptualization, respectively.

All the indicators for 3R-Based Waste Management (Y1) and Waste Management Economics
(Y2) have significant contributions (p-value < 0.01). The Reduce dimension in Y1 is the strongest
contributor, illustrating its importance as part of the 3R framework, whereas Reuse and Recycle
are complementary and important elements. The perception of waste as an economic resource
dominates the construct for Y2, indicating that economic valuation drives the construct, whereas
efficiency and sustainability also contribute substantially, having statistically reliable results.

In addition to evaluating the significance of the outer weights, collinearity among formative
indicators was assessed to ensure the adequacy of the formative measurement model. The outer
weight is presented in table below.
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Table 5: Collinearity Diagnostics of Formative Indicators (VIF)
Construct Indicator VIF

X1 X1.1 1.82
X1.2 2.10
X1.3 2.35

X2 X2.1 1.74
X2.2 2.05
X2.3 2.48

Y1 Y1.1 1.69
Y1.2 2.12
Y1.3 2.90

Y2 Y2.1 1.88
Y2.2 2.20
Y2.3 2.41

Based on the table, all VIF are below 10, which is commonly considered acceptable in
formative measurement models.

3.4 Structural Model using Double Bootstrap

From the semiparametric SEM structural model, after verifying the linearity assumption, three
relationships are identified as linear, one as quadratic, and one as nonparametric. Using this
established model, the next step involves examining the direct effects among the variables. To
ensure that the parameter estimates are more reliable and stable, the analysis is extended by
applying both single and double bootstrap techniques. The results of the direct effect testing
obtained through these bootstrap procedures are presented in Table 6.

Table 6: Direct Effect using Single and Double Bootstrap
Relationship β̂i Coef. Single Bootstrap Double Bootstrap Relative

SE p-value SE p-value Efficiency
X1 → Y1 β̂1X1 0.372 0.096 <0.001 0.063 <0.001 2.324
X1 → Y2 β̂2X1 0.286 0.077 <0.001 0.050 <0.001 2.370
X2 → Y1 β̂3X2 0.198 0.080 0.013 0.052 <0.001 2.384

β̂4(X2 − K21)+ -1.153 0.104 <0.001 0.077 <0.001 1.806
X2 → Y2 β̂5X2 0.415 0.137 0.002 0.107 <0.001 1.629

β̂6X2
2 0.094 0.057 0.099 0.042 0.024 1.882

Y1 → Y2 β̂7Y1 0.527 0.056 <0.001 0.040 <0.001 1.968

Table 6 presents the results of the direct effect testing using both Single and Double Bootstrap
methods. All relationships show significant p-values < 0.05, indicating that the path coefficients
are significant. The Standard Errors (SE) of the Double Bootstrap method are constantly smaller
than those of the Single Bootstrap, implying that the Double Bootstrap provides more stable and
precise parameter estimates. This pattern is further confirmed by the relative efficiency values,
all of which exceed one. The results of Double Bootstrap making it a more reliable resampling
approach for estimating the parameters in the semiparametric SEM model. The result of the
structural model estimation as follows.

f̂1i = 0.428 + 0.372 X1 + 0.198 X2 − 1.153 (X2 − K21)+ (30)

f̂2i = −0.317 + 0.286 X1 + 0.415 X2 + 0.094 X2
2 + 0.527 Y1 (31)

3.5 Simulation Study Results

The simulation study was carried out to observe how the proposed semiparametric SEM framework
behaves under different data conditions. The simulation varies both the form of the relationship
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and their positions within the model. Specifically, the structural paths X → Y1, X → Y2, and
Y1 → Y2 are specified as linear, quadratic, or nonparametric using truncated spline, and are
evaluated at the exogenous-mediator, exogenous-endogenous, and mediator-endogenous positions.

Six simulation scenarios are formed by combining these relationship types across the three
structural paths. For each scenario, data are generated with additive error terms having zero
mean and constant variance, and the simulation is repeated 100 times. Model performance is
assessed using the coefficient of determination (R2), which is calculated for each replication ant
the averaged across replications. The simulation results are summarized in Table 7.

Table 7: Simulation Performance Based on R2

Relationship Position R2

Linier Exogenous–Mediator 0.950
Linier Exogenous–Endogenous 0.792
Linier Mediator–Endogenous 0.781

Quadratic Exogenous–Mediator 0.752
Quadratic Exogenous–Endogenous 0.882
Quadratic Mediator–Endogenous 0.917

Truncated Spline Exogenous–Mediator 0.849
Truncated Spline Exogenous–Endogenous 0.881
Truncated Spline Mediator–Endogenous 0.925

Based on Table 7, the highest R2 = 0.950 is obtained in the linear relationship at the
exogenous-mediator position, indicating strong model performance under this configuration.
Among nonlinear patterns, the quadratic and nonparametric relationships at the mediator-
endogenous position also show high explanatory power (0.917 and 0.925, respectively). These
results confirm that the semiparametric SEM model can flexibly capture both linear and nonlinear
relationships across different structural positions.

3.6 Discussion

The results suggest that the better facilities and infrastructure consistently encourage 3R-based
waste management practices. When waste facilities are easier to access, well maintained, and
user-friendly, people are more likely to separate waste and participate in reduce, reuse, and
recycle activities. The linear nature of this relationship indicates that gradual improvements in
infrastructure are directly followed by improvements in behavior, without the need for a specific
threshold to be reached. This highlights the importance of continuous and sustained investment
in waste management infrastructure.

In contrast, the role of waste banks appears to be more complex. Their performance shows
nonlinear relationships with both 3R-based waste management and waste management economics,
suggesting that waste banks only become truly effective when operate at a sufficient level of
functionality. At low performance levels, improvements may have limited impact, but once
operational effectiveness and public trust are established, waste banks can significantly influence
recycling behavior and economic outcomes. From a policy perspective, this implies that simply
establishing waste banks is not enough; strengthening their management, efficiency, and credibility
is crucial to ensure that 3R- practices lead to tangible economic benefits.

4 Conclusion

This study results that the semiparametric Structural Equation Modeling (SEM) approach
effectively captures both linear and nonlinear relationships between variables in the waste
management economy framework. The linearity test results indicate three linear relationships,
one quadratic relationship, and one nonparametric relationship, confirming the presence of diverse
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functional patterns in the model. The application of single and double bootstrap methods shows
that all path coefficients are significant, with the double bootstrap producing smaller standard
errors and higher relative efficiency values, indicating more stable and accurate parameter
estimation. Simulation results further validation the robustness of the model, where the highest
explanatory power (R2 = 0.950) is observed in the linear exogenous-mediator relationship. Then,
the quadratic and truncated spline forms at the mediator-endogenous level also yield high R2

values (0.917 and 0.925). Overall, these findings confirm that the semiparametric SEM with
double bootstrap approach provides a flexible and reliable framework for analyzing complex
structural relationships, particularly when linear and nonlinear patterns coexist within the same
system.
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