
Science and Technology Indonesia
e-ISSN:2580-4391 p-ISSN:2580-4405
Vol. 11, No. 3, July 2026

Research Paper

Semiparametric Path Analysis with Truncated Spline: A Simulation Study with Double
Resampling Inference
Fachira Haneinanda Junianto1, Adji Achmad Rinaldo Fernandes2, Solimun2*, Ani Budi Astuti2, Muhammad Hisyam Lee3
1Department of Mathematics, Brawijaya University, Malang, East Java, 65145, Indonesia2Department of Statistics, Brawijaya University, Malang, East Java, 65145, Indonesia3Department of Mathematical Sciences, Universiti Teknologi Malaysia, Skudai, Johor Bahru, 81310, Malaysia*Corresponding author: Solimun@ub.ac.id

AbstractThis study proposes a semiparametric path analysis framework that integrates truncated spline modeling with resampling-basedinference to capture both linear and nonlinear relationships within a unified structure. The motivation arises from the limitationof conventional path analysis, which relies on linearity assumptions that are often violated in empirical data, as indicated by theRamsey RESET test. To address this issue, a truncated spline approach is employed to flexibly model nonlinear relationships, whilestatistical inference is conducted using double resampling techniques. A simulation study is performed to evaluate the performanceof resamplingmethods under varying conditions. The results show that for a sample size of n=200with a single nonlinear relationship,the double jackknifemethod providesmore stable and efficient estimates compared to alternative approaches. This findingmotivatesits application in the empirical analysis. The empirical results, based on data from East Java, Indonesia, reveal that technology accesshas a significant direct effect on both financial knowledge and financial literacy. A nonlinear relationship is identified betweentechnology access and financial literacy, characterized by a threshold effect captured through truncated spline modeling. However,the indirect effect through financial knowledge is found to be statistically insignificant. Overall, the proposed approach offers aflexible and robust framework for modeling complex causal relationships and improves inference accuracy in semiparametric pathanalysis.
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1. INTRODUCTION

Path analysis is a statistical method used to examine causal
relationships among variables within a system of interrelated
structural equations. Unlike the Structural Equation Modeling
(SEM) approach, which involves latent variables and measure-
ment models, path analysis specifically focuses on the relation-
ships between directly measured observed variables (Bollen,
1989; Grapentine, 2000; Solimun et al., 2021) . This approach
is widely used in various fields such as economics, finance, and
the social sciences due to its ability to simultaneously identify
both direct and indirect effects.

However, conventional path analysis models are generally
built on the assumption of linear relationships between vari-
ables. In practice, relationships between variables are often
complex and not entirely linear, so forcing a linear model can
lead to model specification errors and reduce the accuracy of pa-
rameter estimates (Christodoulou-Volos and Tserkezos, 2023) .

Therefore, a more flexible approach is needed to capture rela-
tionship patterns that are not explicitly known.

The semiparametric approach is a relevant alternative be-
cause it combines the strengths of parametric and nonpara-
metric models within a single modeling framework. In this
approach, some relationships between variables are modeled
linearly and parametrically, while other relationships whose
forms are unknown are estimated using a nonparametric ap-
proach (Hastie et al., 2009; Fernandes and Solimun, 2021) . In
general, the semiparametric path analysis model in this study
is formulated in Equation (1).

ȳ = X 𝛽 +
s−1∑︁
g=1

f̄gi (Yli ) + 𝜀̄ , i = 1, 2, . . . , n , (1)

where ȳ represents the vector of endogenous variables, X 𝛽

denotes the linear parametric component, f̄gi (Yli ) represents
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the nonparametric function of specific variables approximated
using truncated spline, and 𝜀̄ is the error vector assumed to
have zero mean and constant variance. This representation
enables the model to simultaneously capture both linear and
nonlinear relationships within the path analysis framework.

One widely used nonparametric approach for approximat-
ing such functions is the truncated spline, which has the ad-
vantage of capturing local changes in the relationship pattern
while maintaining the model’s interpretability (Ramsay, 1988;
Maatouk et al., 2024) . Furthermore, the selection of optimal
knot points, for example through the Generalized Cross Vali-
dation (GCV) approach, allows the model to adaptively adjust
its complexity to the data (Suriaslan et al., 2025) .

In the broader semiparametric literature, alternative ap-
proaches such as Generalized Additive Models (GAM) and
kernel regression have also been widely applied to capture
nonlinear relationships. GAM provides substantial flexibil-
ity through smooth additive functions; however, the resulting
smooth components are often difficult to interpret within a
causal path analysis framework, particularly when identifying
structural threshold effects (Wood, 2026) . Meanwhile, kernel
regression is highly sensitive to bandwidth selection and may
suffer from reduced estimation stability in moderate sample
sizes and multivariate settings (Vinod, 2022) .

The development of path analysis based on the nonpara-
metric truncated spline approach has been conducted in several
previous studies, such as Hidayat et al. (2019); Efendi et al.
(2021); Fernandes et al. (2022) . These studies demonstrate that
the nonparametric approach enhances the model’s flexibility
in capturing complex relationships among variables. However,
most studies still focus on parameter estimation and have not
comprehensively examined aspects of statistical inference, par-
ticularly regarding the stability and accuracy of standard error
estimates.

In the context of statistical inference, resampling methods
such as bootstrap and jackknife have been widely used to ap-
proximate the sampling distribution of estimators, especially
when the analytical form of the distribution is difficult to obtain
(Robert and Casella, 2010) . Nevertheless, single resampling
approaches often yield less stable standard error estimates and
tend to overestimate them in complex models. To address
these issues, a double resampling approach was introduced
as an alternative capable of improving estimation efficiency
and reducing the variability of inference results (Papalia et al.,
2023) .

Based on this background, this study aims to develop a
semiparametric path analysis model based on truncated splines
estimated using the Weighted Least Squares (WLS) method,
and to integrate the double resampling approach into the statis-
tical inference process. Additionally, a comprehensive simula-
tion study was conducted to evaluate the model’s performance
under various conditions, including variations in sample size,
error variance levels, and configurations of parametric and
nonparametric relationships within the model structure.

The main contribution of this research lies in three method-

ological aspects. First, this study extends conventional path
analysis into a semiparametric framework capable of simul-
taneously accommodating linear and nonlinear structural re-
lationships. Second, the study explicitly integrates truncated
spline approximation with double resampling inference to im-
prove estimation stability and statistical reliability in complex
semiparametric settings. Third, unlike previous studies that
primarily focused on spline estimation alone, this study quanti-
tatively compares the proposed approach with alternative semi-
parametric methods, including Generalized Additive Models
(GAM) and kernel regression, thereby providing empirical evi-
dence regarding its predictive performance and interpretability
advantages.

2. EXPERIMENTAL SECTION

2.1 General Path Modeling
Path analysis is a statistical approach used to model causal
relationships among a set of observed variables within a sys-
tem of structural equations. In contrast to Structural Equation
Modeling (SEM), which incorporates latent variables and mea-
surement models, path analysis focuses exclusively on directly
observed variables, allowing for a more straightforward struc-
tural representation.

LetY = (Y1 ,Y2 , . . . ,Yp)⊤ denote a vector of endogenous
variables and X = (X1 , X2 , . . . , Xk)⊤ denote a vector of exoge-
nous variables. The general form of a path analysis model can
be expressed as a system of linear structural Equation (2).

Y j =
p∑︁

m=1

𝛽 jmYm +
k∑︁
l=1

𝛾 jlXl + 𝜀 j , j = 1, 2, . . . , p (2)

where 𝛽 jm represents the path coefficient between endoge-
nous variables, 𝛾 jl denotes the effect of exogenous variables on
endogenous variables, and 𝜀 j is the error term associated with
the j-th equation.

In matrix notation, the system can be compactly written in
Equation (3).

Y = BY + ΓX + 𝜀 (3)

where B ∈ ℝp×p is the matrix of endogenous coefficients,
Γ ∈ ℝp×k is the matrix of exogenous coefficients, and 𝜀 ∈ ℝp is
the vector of random errors.

Assuming that (I − B) is nonsingular, the reduced form of
the model can be obtained in Equations (4).

Y = (I − B)−1ΓX + (I − B)−1𝜀 (4)

This representation shows that each endogenous variable
can be expressed as a function of exogenous variables and a
transformed error term, enabling the identification of both
direct and indirect effects within the system.

© 2026 The Authors. Page 1055 of 1067



Junianto et. al Science and Technology Indonesia, 11 (2026) 1054-1067

The classical path analysis framework relies on several key
assumptions, including linearity of relationships, independence
of error terms, and homoscedasticity. However, these assump-
tions are often violated in empirical applications, particularly
when the underlying relationships exhibit nonlinear patterns.
This limitation motivates the extension toward a more flexible
modeling framework, namely the semiparametric path model,
which will be discussed in the following section.

2.2 Semiparametric Path Model
Semiparametric path analysis is an extension of the classical
path analysis framework that integrates both parametric and
nonparametric components within a unified modeling structure.
This approach allows certain relationships among variables to
be specified in a parametric (linear) form, while others with
unknown functional forms are modeled nonparametrically.
Such flexibility is particularly important when the linearity
assumption does not hold for all relationships in the model.

In empirical applications, diagnostic tools such as the Ram-
sey RESET test are often used to assess model specification.
The results of such tests may indicate that while some relation-
ships can be adequately represented using linear or low-order
polynomial functions, others exhibit nonlinear patterns and
therefore require a more flexible, data-driven representation.
This motivates the use of a semiparametric framework.

Let Y ∈ ℝp denote the vector of endogenous variables
and X ∈ ℝn×k denote the design matrix for the parametric
component. The general form of the semiparametric path
model can be expressed in equation (5).

Y = X 𝛽 +
s∑︁
g=1

fg (Zg ) + 𝜀 , i = 1, 2, . . . , n (5)

where:
• 𝛽 ∈ ℝk is the vector of parametric coefficients,
• fg (Zg ) represents the g-th nonparametric component

with unknown functional form,
• Zg is the predictor associated with the g-th nonparamet-

ric function,
• s denotes the number of nonparametric components,
• 𝜀 ∈ ℝn is the error vector assumed to be independently

distributed with mean zero and constant variance 𝜎2.
The semiparametric formulation enables the model to si-

multaneously capture linear and nonlinear relationships within
the path structure, particularly when certain variables-such as
mediators exhibit complex effects that cannot be adequately
approximated using linear functions.

In this study, each nonparametric component fg (Zg ) is
approximated using a truncated spline basis. The truncated
spline approach is chosen due to its flexibility in capturing local
variations in the data while maintaining interpretability of the
model.

For illustration, consider a simple case with a single knot K
and a linear spline basis. The nonparametric function can be
approximated in equation (6).

f (Zi ) = 𝛽1Zi + 𝛽2 (Zi −K)+ (6)

where the truncated spline basis function (Zi −K)+ is de-
fined in equation (7).

(Zi −K)+ =

{
Zi −K , if Zi > K
0, if Zi ≤ K

(7)

In the context of path analysis, this formulation allows
certain structural relationships-particularly those involving in-
termediate (mediating) variables to be modeled in a flexible
nonlinear form, while other relationships remain linear. As a
result, the semiparametric path model provides a more accu-
rate representation of complex causal mechanisms compared
to conventional linear path models.

2.3 Truncated Spline Approximation
To estimate the unknown nonparametric components in the
semiparametric path model, this study employs a truncated
spline approach. Truncated splines are widely used due to
their flexibility in approximating nonlinear relationships while
preserving interpretability and computational efficiency.

In general, a truncated spline function of degree m with r
knots can be expressed as equation (8).

f (Zi ) = 𝛽0 +
m∑︁
j=1

𝛽 jZ
j
i +

r∑︁
k=1

𝛿k (Zi −Kk)m+ (8)

where:
• 𝛽0 , 𝛽1 , . . . , 𝛽m are polynomial coefficients,
• 𝛿k are coefficients associated with the truncated compo-

nents,
• Kk denotes the k-th knot location,
• (Zi −Kk)m+ is the truncated power basis function defined

as Equation (9).

(Zi −Kk)m+ =

{
(Zi −Kk)m , if Zi > Kk
0, if Zi ≤ Kk

(9)

This formulation allows the regression function to change
its behavior at different regions of the predictor space, enabling
the model to capture local nonlinear patterns.

For notational convenience, the truncated spline function
can be rewritten in a linear-in-parameter form as Equation
(10).

f (Zi ) = b(Zi )⊤𝜃 (10)

where:
• b(Zi ) is the vector of spline basis functions,
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• 𝜃 is the corresponding parameter vector.
Specifically, the basis function vector can be written as Equa-

tion (11).

b(Zi ) =
(
1, Zi , Z2

i , . . . , Zmi , (Zi −K1)m+ , . . . , (Zi −Kr )m+
)⊤

(11)

and the parameter vector is 𝜃 . By stacking all observations,
the nonparametric component can be expressed in matrix form
as Equation (12).

f = B𝜃 (12)

where:
• B ∈ ℝn×(m+r+1) is the spline basis matrix,
• each row of B corresponds to b(Zi )⊤.
Substituting this representation into the semiparametric

path model, the overall model can be written as Equation (13).

Y = X 𝛽 + B𝜃 + 𝜀 (13)

This formulation shows that the semiparametric model can
be transformed into a linear regression model with respect
to the unknown parameters 𝛽 and 𝜃 . Therefore, standard
estimation techniques such as Weighted Least Squares (WLS)
can be applied.

Furthermore, when multiple nonparametric components
are involved, the spline basis matrices corresponding to each
component can be concatenated into a single augmented ma-
trix, resulting in a unified representation in Equation (14).

Y = X 𝛽 + B∗𝜃∗ + 𝜀 (14)

where B∗ and 𝜃∗ denote the combined spline basis matrix
and parameter vector, respectively.

This matrix-based representation plays a crucial role in
simplifying the estimation procedure and provides a founda-
tion for the development of efficient inference methods in the
subsequent section.

2.4 Double Resampling Inference
Resampling is a widely used statistical approach for obtaining
improved estimates of population parameters or sampling dis-
tributions by repeatedly drawing samples from the observed
data. In general, resampling methods generate new samples
from the original dataset either with replacement, as in boot-
strap, or without replacement, as in jackknife. These approaches
are particularly useful when analytical derivation of sampling
distributions is difficult or when classical assumptions such as
normality are not satisfied (Hastie et al., 2009; Amanda et al.,
2024) .

While single resampling methods provide a practical way
to estimate variability, they may still produce unstable or biased
standard error estimates in complex models. To address this
limitation, double resampling is introduced as an extension
that incorporates an additional layer of resampling, allowing
for a more comprehensive assessment of uncertainty (Hastie
et al., 2009) . In this study, two types of double resampling are
employed, namely double bootstrap and double jackknife, to
improve the accuracy and stability of inference in the semi-
parametric path model.

In the double bootstrap procedure, resampling is performed
in two stages. First, B1 bootstrap samples are generated from
the original dataset with replacement. Then, for each first-
stage bootstrap sample, a second-stage bootstrap is conducted
by generating B2 additional resamples. As a result, the total
number of computed statistics becomes B1 + B1B2 (Papalia
et al., 2023 MacKinnon, 2006). Let 𝛽 ∗(r ) denote the parameter
estimate obtained from the r-th second-stage bootstrap sample,
and let 𝛽 ∗ denote the average of these estimates. The standard
error of the double bootstrap is given by Equation (15).

(̂se)BB =

√√√
1
B2

B2∑︁
r=1

(
𝛽 ∗(r ) − 𝛽 ∗)2 (15)

Alternatively, the double jackknife procedure is based on
systematic deletion of observations without replacement. In
contrast to bootstrap, which samples with replacement, jack-
knife repeatedly removes observations from the dataset to as-
sess variability (Asare et al., 2024) . In the first stage, each
observation is deleted one at a time from a sample of size n,
producing n subsamples of size n − 1. For each subsample,
a second-stage jackknife is applied, resulting in a nested re-
sampling structure. Let 𝛽 (r ) denote the parameter estimate
obtained from the r-th double jackknife sample. The standard
error is computed as Equation (16).

(̂se) J J =

√√
(n − d)
d(n − d)

n∑︁
r=1

(
𝛽 (r ) − ¯̂

𝛽

)2
(16)

where d denotes the number of deleted observations.
For both approaches, statistical inference on the path coeffi-

cients is conducted using the following test statistic in Equation
(17).

tobs =
𝛽 (.)

ŝe( 𝛽 (.) )
(17)

with hypotheses H0 : 𝛽r = 0, H1 : 𝛽r ≠ 0. The null hy-
pothesis is rejected if the corresponding p-value is less than the
significance level 𝛼, indicating a statistically significant relation-
ship between variables.

In the context of the proposed semiparametric path model,
double resampling plays a crucial role in improving inference
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quality. Since the model combines parametric and nonpara-
metric components and is estimated using WLS, deriving ana-
lytical standard errors can be challenging. Therefore, double
bootstrap and double jackknife are utilized to obtain more sta-
ble standard error estimates and more reliable hypothesis test-
ing results. Compared to single resampling methods, double
resampling is expected to better capture sampling variability
by incorporating an additional layer of uncertainty, making
it particularly suitable for semiparametric models involving
truncated spline components.

2.5 Simulation Study
To evaluate the performance of the proposed semiparamet-
ric path model with truncated spline and double resampling
inference, a comprehensive simulation study is conducted un-
der various experimental settings. The simulation is designed
to assess both the accuracy of parameter estimation and the
reliability of inferential procedures (Junianto et al., 2025) .

The data-generating process (DGP) follows a semiparamet-
ric path structure that combines parametric and nonparametric
relationships, defined as Equation (18).

Y1 = 𝛽10 + 𝛽11X + 𝜀1 ,

Y2 = 𝛽20 + 𝛽21Y1 + g (X) + 𝜀2 ,
(18)

where g (X) represents a nonlinear function approximated
using truncated spline basis functions. The error terms 𝜀1 and
𝜀2 are generated independently from a normal distribution
with mean zero and variance 𝜎2. The true parameter values
are fixed across all simulation scenarios to ensure consistent
evaluation of estimator performance.

Several simulation scenarios are constructed by varying key
factors, including sample size, error variance, and structural
configuration of the model. The sample sizes are defined as
n ∈ {25, 200, 1000}, representing small, moderate, and large
sample conditions. Different levels of error variance are con-
sidered to examine the robustness of estimation and inference
under varying noise conditions. For each scenario, the simula-
tion is replicated R times to ensure stability and reliability of
the results.

In addition, the structural configuration of the model is var-
ied through six scenarios that represent different combinations
of linear and nonparametric relationships among variables.
These scenarios are summarized in Table 1.

These scenarios are designed to capture various possible
configurations of nonlinear effects within the path structure,
allowing a comprehensive evaluation of the proposed semipara-
metric modeling approach.

For each generated dataset, parameter estimation is per-
formed using the Weighted Least Squares (WLS) method
based on the linearized semiparametric path model. Statisti-
cal inference is conducted using four resampling approaches,
namely bootstrap (B), jackknife (J), double bootstrap (BB), and
double jackknife (JJ). Each resampling method is applied con-

Table 1. Structural Relationship Scenarios in the Simulation
Study

Scen
ario

(X1 →Y1) (X1 →Y2) (Y1 →Y2)

1 Linear Nonparametric Linear
2 Linear Linear Nonparametric
3 Nonparametric Linear Linear
4 Linear Nonparametric Nonparametric
5 Nonparametric Linear Nonparametric
6 Nonparametric Nonparametric Linear

sistently across all simulation scenarios to allow a fair compar-
ison of their performance (James et al., 2023) . Furthermore,
all simulation scenarios were conducted using 1,000 replica-
tions to ensure the stability and reliability of the estimation and
inference results.

To improve the comprehensiveness of the simulation de-
sign, additional robustness scenarios were incorporated into
the study. Besides the standard normal distribution, the error
terms were also generated from heavy-tailed and skewed distri-
butions. Heavy-tailed errors were simulated using a Student-t
distribution with low degrees of freedom, while skewed errors
were generated using a log-normal distribution. Furthermore,
an outlier contamination scenario was introduced by replac-
ing 5% of the observations with extreme values to evaluate the
robustness of the estimators under data irregularities.

The performance of the estimators is evaluated using three
main criteria. First, the bias of the estimator is defined as
Equation (19).

Bias( 𝛽 ) = 1
R

R∑︁
r=1

( 𝛽r − 𝛽 ) (19)

which measures the average deviation of the estimated pa-
rameter from its true value. Second, the standard error (SE) is
computed as Equation (20).

SE( 𝛽 ) =

√√√
1

R − 1

R∑︁
r=1

( 𝛽r − ¯̂
𝛽 )2 (20)

where ¯̂
𝛽 denotes the mean of the parameter estimates

across all replications. Third, the relative efficiency (RE) is
defined as Equation (21).

RE =
SEmethod

SEbenchmark
(21)

where the benchmark is selected as one of the resampling
methods, such as the bootstrap approach, to facilitate compar-
ative evaluation.
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2.6 Data Description
The empirical analysis in this study utilizes primary data ob-
tained through a questionnaire-based survey. The dataset has
undergone prior validity and reliability testing, ensuring that
the measurement instruments are statistically sound and suit-
able for further analysis.

The population of this study consists of adult individuals
residing in East Java, who are considered potential bank cus-
tomers. To ensure representativeness, a multistage sampling
technique was employed. In the first stage, districts and cities
were selected using judgment sampling based on three major
cultural regions in East Java, namely Arek, Mataraman, and
Madura. In the second stage, sub-districts or villages were se-
lected from both urban and suburban areas within each selected
region. In the final stage, respondents were selected using a
combination of quota sampling and accidental sampling.

The accidental sampling approach was applied by selecting
individuals who met the predefined criteria, including a mini-
mum age of 20 years, at least a high school level of education,
current employment status, and a minimum residency dura-
tion of three years in the selected area. Data collection was
conducted using structured questionnaires distributed directly
to respondents.

The total sample size in this study is n = 200 respondents,
obtained through a multistage sampling procedure combining
judgment sampling, quota sampling, and accidental sampling
techniques. This sample size satisfies the recommended criteria
for structural and semiparametric modeling. According to Hair
et al. (2019) , an adequate sample size should follow a mini-
mum ratio of 5:1 to 20:1 relative to the number of estimated
parameters. Given the complexity of the semiparametric path
model, the sample size used in this study is considered statisti-
cally sufficient to ensure stable parameter estimation, reliable
inference, and robust model performance.

This study adopts a data-driven approach, where the ob-
served data are analyzed without imposing strong parametric
assumptions regarding the underlying relationships. Unlike
previous studies that employ Bayesian estimation, this study
focuses on a frequentist framework using semiparametric mod-
eling combined with resampling-based inference, allowing the
data to reveal both linear and nonlinear patterns.

Three main variables are considered in this study:
• X : Technology Access, representing the level of access

to financial and digital technology,
• Y1: Financial Knowledge, representing individuals’ un-

derstanding of financial concepts,
• Y2: Financial Literacy, representing the overall financial

capability of individuals.
In the context of path analysis, Technology Access (X) is

treated as an exogenous variable, financial knowledge (Y1) as
an intermediate (mediating) variable, and financial literacy
(Y2) as the final endogenous variable. This structure enables
the analysis of both direct and indirect effects, as well as the
potential presence of nonlinear relationships within the model.

3. RESULTS AND DISCUSSION

3.1 Descriptive Statistics and Variable Measurement
This study uses three main variables technology access (X1),
financial knowledge (Y1), and financial literacy (Y2). All variables
are measured using a five-point Likert scale ranging from 1
(strongly disagree) to 5 (strongly agree), which is widely used
in behavioral and economic research to quantitatively capture
individuals’ perceptions and levels of understanding.

Operationally, technology access (X1) represents the level
of accessibility and utilization of digital financial technology
by individuals, measured through indicators of accessibility to
technology-based financial services, intensity of use, and avail-
ability of supporting infrastructure. The financial knowledge
variable (Y1) reflects an individual’s cognitive capacity to un-
derstand basic financial concepts, measured through indicators
of understanding of interest rates, inflation, and risk diversifica-
tion as fundamental components in financial decision-making.
Meanwhile, financial literacy (Y2) is positioned as the primary
outcome, representing an individual’s ability to integrate finan-
cial knowledge into rational and effective financial behavior and
decisions.

The measurement of variables in this study is based on a re-
flective approach, where the indicators used are assumed to be
manifestations of the latent constructs being measured. There-
fore, prior to conducting structural analysis, an initial evaluation
of data characteristics was performed through descriptive sta-
tistical analysis and correlation analysis. This analysis aims
to identify data distribution, the degree of variation, and pat-
terns of relationships among variables as a basis for ensuring
model suitability and avoiding potential statistical issues such
as multicollinearity.

Table 2. Descriptive Statistics and Correlation Matrix

Variable Mean Std. Dev X1 Y1 Y2

X1 3.85 0.72 1
Y1 3.67 0.68 0.54 1
Y2 3.72 0.70 0.49 0.58 1

The results of the descriptive and correlation statistical anal-
yses are presented in Table 2 as a basis for initial exploration of
the data structure prior to further semiparametric modeling.

Based on the table, all variables have mean values above the
midpoint of the Likert scale (> 3), indicating that respondents
generally have relatively high levels of technology access, finan-
cial knowledge, and financial literacy. This suggests that the
majority of respondents have had sufficient exposure to finan-
cial technology and possess a basic understanding of financial
concepts, thereby conceptually supporting the development of
better financial literacy.

Furthermore, standard deviation values ranging from 0.68
to 0.72 indicate a moderate level of data dispersion. This
indicates that although there is variation among respondents,
the data distribution remains within a stable range and does
not show any dominant outliers. Statistically, this condition
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is important because it ensures that parameter estimates in
the model are not dominated by excessive variation, thereby
enhancing the reliability of the analysis results.

The correlation matrix shows that all variables have positive
relationships with correlation strengths falling into the moder-
ate category, ranging from 0.49 to 0.58. These relationships
indicate a structural interdependence consistent with the the-
oretical framework, where an increase in Technology Access
tends to be followed by an increase in Financial Knowledge and
Financial Literacy. This pattern provides initial justification
for the appropriateness of using a path analysis model, as the
relationships among variables meet the assumption of linear
interdependence as the basis for establishing a causal structure.

Furthermore, no very high correlation coefficients (≥ 0.90)
were found, so it can be concluded that there is no indication
of serious multicollinearity among the independent variables
in the model. This condition is crucial for ensuring the stabil-
ity of parameter estimates, as high multicollinearity can lead
to increased estimation variance and reduce the accuracy of
interpreting path coefficients.

3.2 Classical Assumptions
Before estimating the semiparametric model, tests of classical
assumptions were conducted to ensure that the model used sat-
isfies the basic assumptions within the framework of regression
and path analysis. These tests aim to ensure that the resulting
parameter estimates are unbiased, consistent, and efficient, par-
ticularly in the context of a model that combines parametric
and nonparametric components.

The tests conducted include multicollinearity, heteroscedas-
ticity, and residual normality. Given the model structure con-
sisting of several equations, the tests focused on the structural
equation with financial literacy (Y2) as the dependent variable,
and technology access (X1) and financial knowledge (Y1) as
independent variables. The test results are presented in Table
3.

Based on Table 3, the results of the multicollinearity test
show that the Variance Inflation Factor (VIF) values for the
variables technology access (X1) and financial knowledge (Y1)
are 2.35 and 2.78, respectively, which are below the critical
threshold of 10. This indicates that there is no high linear
relationship between the independent variables, so the model
is free from multicollinearity issues and parameter estimation
can be performed stably.

Furthermore, the results of the heteroscedasticity test using
the Breusch–Pagan method yielded a p-value of 0.214, which is
greater than 0.05. Thus, there is insufficient evidence to reject
the null hypothesis, so it can be concluded that the residual
variance is constant (homoscedastic).

Furthermore, the results of the residual normality test us-
ing the Shapiro-Wilk test show a p-value of 0.087, which is
also greater than the significance level of 0.05. This indicates
that the residuals are normally distributed, thus fulfilling an
important assumption in statistical inference.

3.3 Linearity Test Using Ramsey’s RESET
The validity of path analysis critically depends on the linear-
ity assumption among variables. Therefore, testing linearity
constitutes an essential preliminary step before parameter esti-
mation. In this study, linearity is examined using the Ramsey’
RESET (Regression Equation Specification Error Test) and
its modified version, which allows for the detection of both
parametric and nonparametric nonlinear relationships.

The baseline model used in this study is specified as a linear
regression of the form equation (22).

Y = 𝛽0 + 𝛽1X + 𝜀 (22)

To test for potential nonlinearities, the model is augmented
by incorporating higher-order terms of the independent vari-
able in equation (23).

Y = 𝛽0 + 𝛽1X + 𝛾1X2 + 𝛾2X3 + 𝜀 (23)

The null hypothesis states that the linear specification is
adequate (i.e., 𝛾1 = 𝛾2 = 0). Rejection of the null hypothesis
indicates the presence of nonlinear effects that cannot be cap-
tured by a purely linear model. The results of the linearity tests
are presented in Table 4.

Based on Table 4, the relationships between technology
access (X1) and Financial Knowledge (Y1), as well as between
financial knowledge (Y1) and financial literacy (Y2), are found
to be linear, with p-values of 0.9667 and 0.9979, respectively.
Since both p-values exceed the significance level of 0.05, the
null hypothesis of linearity is not rejected, indicating that these
relationships can be adequately modeled using a parametric
linear specification.

In contrast, the relationship between technology access (X1)
and financial literacy (Y2) exhibits a nonlinear pattern, as in-
dicated by a p-value of 0.0348 obtained from the Ramsey
RESET test. Given that this value is less than 0.05, the null
hypothesis of linearity is rejected, suggesting model misspecifi-
cation under a purely linear assumption. Consequently, further
analysis is conducted using the modified Ramsey RESET test
to explore potential nonlinear structures.

The results of the modified Ramsey RESET indicate that
parametric nonlinear forms, such as quadratic and cubic mod-
els, yield p-values greater than 0.05, implying that these speci-
fications are insufficient to capture the underlying relationship.
However, the nonparametric approach using truncated spline
demonstrates statistically significant results, with p-values of
0.0005 for the linear spline with one knot and 0.0023 for the
quadratic spline with one knot.

To determine the most appropriate model, statistical power
considerations are taken into account. Lower p-values are as-
sociated with higher test power, indicating a stronger ability to
detect true nonlinear relationships. Based on this criterion, the
truncated spline model with a linear basis and one knot is se-
lected as the optimal specification for modeling the relationship
between technology access and financial literacy.
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Table 3. Classical Assumption Diagnostics

Assumptions Method Statistic Value Threshold
Multicollinearity VIF (X1) 2.35 VIF < 10

VIF (Y1) 2.78 VIF < 10
Heteroscedasticity Breusch–Pagan Test p-value = 0.214 p > 0.05
Normality Shapiro–Wilk Test p-value = 0.087 p > 0.05

Table 4. Ramsey’s Results

Relationship
Between
Variables

Ramsey’s RESET
(p-value)

Parametric
(Quadratic)

Truncated Spline
(Linear Knot)

Truncated Spline
(Quadratic Knot)

Conclusion

(X1 →Y1) 0.9667 – – – Linear
(X1 →Y2) 0.0348 0.5626 0.0005 0.0023 Nonlinear (Spline)
(Y1 →Y2) 0.9979 – – – Linear

These findings suggest that the effect of technology access
on financial literacy is not uniform across all levels of technol-
ogy access. Instead, the presence of a knot indicates a structural
change in the relationship, where the marginal effect of tech-
nology access varies depending on the level of the predictor.

From a practical perspective, this implies that policies aimed
at improving financial literacy through technology access should
not adopt a uniform strategy. Instead, targeted interventions
that consider threshold effects in technology adoption may
yield more effective outcomes. Therefore, the use of a semi-
parametric truncated spline model is not only methodologically
justified but also provides meaningful insights for data-driven
decision-making.

3.4 Model Specification
Based on the linearity testing results using the Ramsey RESET
test and its modified version, the structural relationships in the
model can be classified into linear and nonlinear components.
Specifically, the relationships between technology access (X1)
and financial knowledge (Y1), as well as between financial knowl-
edge (Y1) and financial literacy (Y2), are identified as linear. In
contrast, the relationship between technology access (X1) and
financial literacy (Y2) is found to be nonlinear and is therefore
modeled using a truncated spline approach with one knot.

Furthermore, the empirical data structure characterized by
a sample size of n = 200 and a single nonlinear relationship is
consistent with the simulation scenario that demonstrated supe-
rior performance of the double jackknife method. Therefore,
the semiparametric path model is specified accordingly.

The optimal knot location is primarily determined using
the Generalized Cross Validation (GCV) criterion, where the
best model corresponds to the minimum GCV value. GCV
was selected as the main criterion because it effectively balances
model fit and model complexity in semiparametric truncated
spline estimation.

Figure 1 presents the relationship between the GCV val-
ues and the candidate knot locations. Based on Figure 1, the

Figure 1. Plot of GCV Versus Knot

optimal knot is identified at K=3.667, corresponding to the
minimum GCV value. This indicates that the truncated spline
model with one knot at this location provides the most appro-
priate balance between flexibility and parsimony.

To further evaluate the robustness of the knot selection
procedure, a sensitivity analysis was conducted using several
alternative evaluation criteria, namely Akaike Information Cri-
terion (AIC), Bayesian Information Criterion (BIC), and 5-
Fold Cross-Validation (CV). Several candidate knot locations
were assessed under all criteria, and the comparison results are
presented in Table 5.

Table 5. Sensitivity Analysis of Knot Selection

Knot Location GCV AIC BIC 5-Fold CV
3.200 0.287 142.61 149.22 0.294
3.400 0.241 134.73 141.08 0.248
3.667 0.214 128.53 135.72 0.219
3.800 0.226 130.47 137.95 0.231
4.000 0.259 136.18 143.66 0.267

Table 5 shows that the knot location at K=3.667 consis-
tently yields the smallest values of GCV, AIC, BIC, and 5-fold
CV among all evaluated candidates. These findings indicate
that the selected knot location offers the best balance between
model fit and model complexity. Furthermore, the consis-

© 2026 The Authors. Page 1061 of 1067



Junianto et. al Science and Technology Indonesia, 11 (2026) 1054-1067

tency of results across different evaluation criteria confirms
the robustness and stability of the proposed semiparametric
truncated spline model.

3.5 Simulation Results
To evaluate the effectiveness of the proposed modeling frame-
work, a comparative analysis was conducted between paramet-
ric, nonparametric, and semiparametric approaches, including
GAM and kernel regression. This comparison aims to assess
the ability of each model to capture the underlying data struc-
ture, particularly in the presence of nonlinear relationships
identified in the previous analysis.

The evaluation was based on three key performance met-
rics, namely the coefficient of determination (R2), Root Mean
Square Error (RMSE), and estimation bias. The R2 measures
the explanatory power of the model, while RMSE and bias
reflect the predictive accuracy and stability of the estimates. A
model with higher R2 and lower RMSE and bias is considered
to provide better overall performance. The comparison results
are presented in Table 6.

As shown in Table 6, the proposed semiparametric trun-
cated spline model consistently outperforms other alternative
approaches on all evaluation metrics. The parametric linear
model exhibits the lowest explanatory power and the highest
prediction error, indicating its inability to adequately capture
the nonlinear structures present in the data. Although the
quadratic specification slightly improves model fit, it remains
insufficient to represent more complex nonlinear patterns.

Among the semiparametric alternatives, GAM demonstrates
relatively strong predictive performance thanks to its flexible
smoothing functions. However, its smoothing-function-based
representation does not explicitly identify structural threshold
effects, thereby limiting interpretability within a path analysis
framework. Similarly, kernel regression enhances flexibility
but exhibits relatively higher estimation variability due to sen-
sitivity in window width selection.

The semiparametric truncated spline model achieves the
best overall performance, yielding the highest coefficient of
determination (R2 = 0.79), the lowest RMSE (0.47), the highest
CP (0.95), and the smallest bias (0.08). These results indicate
that the semiparametric truncated spline approach provides a
more effective balance between flexibility, interpretability, and
estimation stability, particularly in modeling threshold-based
nonlinear relationships within a semiparametric path structure.

The effect of sample size on the performance of the semi-
parametric path model is presented in Table 7. The results
summarize the behavior of the estimator in terms of bias, stan-
dard error, relative dispersion, and model fit across different
sample sizes.

As shown in Table 7, the average bias values remain rela-
tively stable across all sample sizes, with values of 0.14908 for
n = 25, 0.14910 for n = 200, and 0.14910 for n = 1000. This
indicates that the estimator exhibits consistent bias behavior
regardless of the number of observations. Although the bias
does not decrease substantially as the sample size increases, its

stability suggests that the estimation process does not introduce
additional systematic error under different sample conditions.

In contrast, the standard error (SE) decreases as the sample
size increases. For a small sample (n = 25), the SE is 0.04657,
which declines to 0.03419 for n = 200 and remains stable at
0.03422 for n = 1000. This pattern is consistent with statistical
theory, where larger sample sizes reduce sampling variability
and improve estimation precision.

The ratio SE remains relatively stable around 3 across all
sample sizes, indicating that the relative dispersion of the esti-
mator is consistent and not sensitive to sample size variation.
This stability reflects the robustness of the estimator in main-
taining proportional variability across different data scales.

Furthermore, the coefficient of determination (R2) shows
minimal variation, ranging from 0.71987 to 0.72075. This
suggests that the explanatory power of the semiparametric path
model is not significantly influenced by sample size. The model
consistently captures the underlying relationship between vari-
ables, even in smaller samples.

The effect of resampling methods on the estimation perfor-
mance of the semiparametric path analysis model is presented
in Table 8. A comparison was made between single and multi-
ple resampling methods to evaluate differences in the accuracy
and stability of the estimates.

Based on Table 8, the choice of resampling method influ-
ences the estimation accuracy and inferential performance of
the semiparametric path model. The single bootstrap and sin-
gle jackknife approaches produce relatively higher average bias
values, namely 0.1574 and 0.1573, respectively. In addition,
both methods exhibit larger Ratio SE values, indicating greater
estimation dispersion compared to the double resampling ap-
proaches.

The double bootstrap and double jackknife methods demon-
strate improved estimation performance, as reflected by lower
average bias values of 0.1409 and 0.1408, respectively. Fur-
thermore, the RMSE values decrease from 0.253 and 0.247
under single resampling to 0.221 and 0.214 under double re-
sampling, indicating higher estimation accuracy and improved
predictive stability.

The Coverage Probability also increases under double re-
sampling approaches. The double jackknife method achieves
the highest Coverage Probability of 0.95, followed by double
bootstrap with 0.94, suggesting that the resulting confidence
intervals provide more reliable inferential performance. Mean-
while, the coefficient of determination (R2) remains relatively
stable across all resampling methods, with values around 0.72,
indicating that differences among methods primarily affect
estimation stability and inferential reliability rather than ex-
planatory power.

Among the evaluated approaches, the double jackknife
method demonstrates the best performance due to its lowest
RMSE, smallest average bias, and highest Coverage Probability.
These findings indicate that incorporating a second resampling
layer improves the stability and reliability of statistical inference
in semiparametric path estimation.
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Table 6. Comparison of Model Performance

Model Type Functional Form R2 RMSE Average Bias Coverage Probability
Parametric Linear 0.68 0.62 0.15 0.86
Parametric Quadratic 0.71 0.58 0.13 0.88
Nonparametric Kernel Regression 0.72 0.56 0.12 0.89
Semiparametric GAM 0.75 0.51 0.10 0.92
Nonparametric Truncated Spline (1 Knot) 0.74 0.52 0.10 0.91
Semiparametric Truncated Spline (1 Knot) 0.79 0.47 0.08 0.95

Table 7. Simulation Results on Sample Size

Sample
Size

Average Bias SE Ratio SE R2

25 0.14908 0.04657 299.739 0.71987
200 0.14910 0.03419 299.989 0.72075
1000 0.14910 0.03422 300.236 0.72035

The effect of variations in model scenarios on estimation
performance is presented in Table 9. The scenarios tested
represent differences in model structure configurations, partic-
ularly regarding the position and characteristics of nonlinear
components in the semiparametric path analysis model.

Based on Table 9, it can be observed that the average bias
and standard error values remain relatively stable across all
scenarios, with bias values around 0.149 and standard errors
ranging from 0.03830 to 0.03838. This indicates that varia-
tions in model structure do not have a significant effect on the
accuracy of parameter estimation.

Similarly, the ratio SE values fall within a very narrow range
around 3, indicating that the relative dispersion of the estimator
remains consistent across different model configurations. This
consistency suggests that the estimation method exhibits strong
stability against changes in the structural specification of the
model.

However, a notable difference is observed in the coefficient
of determination (R2). Scenario 1 yields the highest R2 value
of 0.79480, followed by Scenario 2 with a value of 0.76094.
In contrast, the remaining scenarios show lower R2 values,
approximately around 0.69.

These differences in R2 indicate that model configuration,
particularly the placement of the nonlinear component, influ-
ences the model’s ability to explain data variability. Scenarios
with higher R2 values suggest that the model is better able to
capture the underlying relationships among variables.

Substantively, these findings imply that the placement of
the nonlinear component within the model structure plays a
crucial role in improving model performance, not in terms of
parameter estimation accuracy (bias and standard error), but in
terms of predictive capability and overall goodness-of-fit. In
other words, an appropriate specification of the semiparametric
model can enhance the quality of representing relationships
among variables.

The effect of variations in error variance on the model’s
estimation performance is presented in Table 10. This analysis
aims to evaluate the robustness of the semiparametric model
to changes in the level of noise in the data.

Based on Table 11, the proposed semiparametric trun-
cated spline model maintains relatively stable estimation per-
formance across different error distributions and outlier scenar-
ios. Under the normal error distribution, the model achieves
an RMSE of 0.47, bias of 0.08, and R2 of 0.79. When heavy-
tailed and skewed error distributions are introduced, the RMSE
slightly increases to 0.51 and 0.53, respectively, while the bias
rises moderately to 0.10 and 0.11. Similarly, the coefficient
of determination decreases slightly but remains above 0.70.
In the outlier contamination scenario, the model still demon-
strates acceptable performance with RMSE of 0.56, bias of
0.13, and R2 of 0.72. Overall, these results indicate that the
proposed estimation framework is reasonably robust against
deviations from classical normality assumptions and remains
reliable under more realistic data conditions.

Based on the results of the simulation study, it is observed
that the performance of resampling methods varies depend-
ing on the sample size and the structural characteristics of the
model. In particular, for a moderate sample size of n=200 and
a model configuration involving one nonlinear relationship, the
double jackknife method consistently provides more stable and
efficient estimates compared to other resampling approaches.
This is reflected in its lower standard error and improved esti-
mation accuracy across simulation scenarios. Therefore, con-
sidering the similarity between the simulation setting and the
empirical data used in this study, the double jackknife approach
is selected as the primary inference method in the subsequent
empirical analysis.

3.6 Empirical Results
Based on the simulation results, the double jackknife method
under Scenario 1 demonstrates the most stable and efficient
estimation performance, as indicated by lower RMSE values,
higher coverage probability, and more reliable inferential sta-
bility compared to other resampling approaches. Since the
empirical structure of this study shares similar characteristics
with Scenario 1, particularly the presence of a single nonlinear
relationship within the model, the double jackknife method was
selected as the primary inferential approach for the empirical
analysis.
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Table 8. Simulation Results on Resampling Type

Resampling Method Average Bias Ratio SE R2 RMSE Coverage Probability
Single Bootstrap 0.1574 35.009 0.7201 0.253 0.91
Single Jackknife 0.1573 34.994 0.7204 0.247 0.92
Double Bootstrap 0.1409 24.961 0.7199 0.221 0.94
Double Jackknife 0.1408 25.031 0.7208 0.214 0.95

Table 9. Simulation Results Model Scenarios

Scenario Average Bias SE Ratio SE R2

Scenario 1 0.14911 0.03834 299.573 0.79480
Scenario 2 0.14901 0.03830 300.111 0.76094
Scenario 3 0.14913 0.03833 299.910 0.69173
Scenario 4 0.14911 0.03838 300.625 0.69194
Scenario 5 0.14905 0.03830 299.676 0.69065
Scenario 6 0.14915 0.03830 300.032 0.69185

Table 10. Simulation Results on Error Variance Levels

Error Variance (EV) Average Bias SE Ratio SE R2

EV = 0.5 × MSE 0.0639 0.0383 30.007 0.6977
EV = 1.0 × MSE 0.1278 0.0383 29.994 0.7663
EV = 2.0 × MSE 0.2556 0.0383 29.995 0.6969

Table 11. Evaluation Under Different Error Distributions

Error Distribution RMSE Average Bias R2

Normal 0.47 0.08 0.79
Student-t 0.51 0.10 0.76
Log-normal 0.53 0.11 0.74
5% Outliers 0.56 0.13 0.72

Based on Table 12, technology access (X1) has a positive and
statistically significant direct effect on financial knowledge (Y1),
with an estimated coefficient of 0.143 (p < 0.001). This result
indicates that greater access to technology and digital financial
services contributes to improving individuals’ understanding of
financial concepts. Higher levels of technology access increase
individuals’ opportunities to obtain financial information and
gain practical experience related to digital financial activities.

Furthermore, financial knowledge (Y1) also exerts a pos-
itive and significant effect on financial literacy (Y2), with an
estimated coefficient of 0.027 (p < 0.001). Although statisti-
cally significant, the magnitude of this effect is relatively smaller
compared to the direct effect of technology access on financial
literacy. This finding suggests that financial literacy is not solely
determined by formal financial knowledge, but is also directly
influenced by individuals’ interaction with financial technology.

A major finding of this study is the presence of a nonlinear
relationship between technology access and financial literacy,
modeled using a truncated spline approach. The estimation
results show that under the regime (X1 ≤ K1), the effect of

technology access on financial literacy is 0.743, whereas under
the regime (X1 > K1), the effect decreases to 0.420. Both
effects are statistically significant at the 5% significance level.

These findings indicate the existence of a threshold effect or
structural change in the relationship between the variables. At
lower levels of technology access, increases in access generate
substantial improvements in financial literacy. However, after
surpassing a certain knot point, additional increases in technol-
ogy access produce relatively smaller improvements in financial
literacy. This pattern reflects a diminishing marginal effect,
implying that the incremental benefit of technology access de-
clines once individuals reach a certain level of technological
exposure.

From a methodological perspective, these results reinforce
the importance of employing a semiparametric approach rather
than relying solely on conventional linear models. If the re-
lationship were forced into a purely linear specification, the
behavioral changes across different regimes would not be ad-
equately captured. Therefore, the truncated spline approach
provides greater flexibility in modeling complex structural re-
lationships.

Meanwhile, the indirect effect of technology access on finan-
cial literacy through financial knowledge yields an estimated
value of 0.004 with a p-value of 0.307, indicating statistical in-
significance. This finding suggests that financial knowledge does
not function as a strong mediating variable in the relationship
between technology access and financial literacy. Consequently,
the influence of technology access on financial literacy occurs
predominantly through direct pathways rather than through
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Table 12. Results of Semiparametric Path Analysis with Double Resampling Jackknife

Path Coefficient Estimate p-value
Technology Access (X1) → Financial Knowledge (Y1) 0.143 <0.001
Technology Access (X1) → Financial Literacy (Y2) for X1 ≤ K1 0.743 <0.001
Technology Access (X1) → Financial Literacy (Y2) for X1 ≤ K2 0.420 <0.001
Financial Knowledge (Y1) → Financial Literacy (Y2) 0.027 <0.001
Technology Access (X1) → Financial Literacy (Y2) through Financial Knowledge (Y1) 0.004 0.307

the enhancement of financial knowledge.
This condition implies that modern financial technology

enables individuals to directly utilize digital financial services
without necessarily possessing extensive financial knowledge.
The ease of use of financial applications, digital payment sys-
tems, and automated transaction services allows technology
access to directly improve individuals’ financial capabilities.

The total effect analysis further confirms the dominant in-
fluence of technology access on financial literacy. Under the
regime (X1 ≤ K1), the total effect reaches 0.747, while un-
der the regime (X1 > K1), the total effect decreases to 0.424.
These results further emphasize the nonlinear relationship pat-
tern and demonstrate that the effectiveness of technology access
differs across levels of access.

The empirical findings demonstrate that the semiparamet-
ric path analysis model combined with double jackknife in-
ference provides flexible and stable estimation while being
more capable of capturing nonlinear relationships compared to
conventional linear approaches. The integration of truncated
spline modeling and double resampling inference also offers a
more robust analytical framework for modeling complex causal
relationships.

3.7 Discussion
The results of this study provide methodological and empirical
contributions to the development of semiparametric path anal-
ysis for modeling the complex relationships among access to
technology, financial knowledge, and financial literacy. From a
methodological perspective, simulation results show that the
double jackknife resampling approach yields more stable es-
timators than the single resampling method, particularly for
medium sample sizes and nonlinear model structures. Lower
RMSE and bias values, along with a higher coverage probability,
indicate that adding a resampling layer improves estimation
precision and reduces inference variability. These findings
align with previous research stating that repeated resampling
procedures can enhance estimator robustness in semiparamet-
ric models when classical distribution assumptions are difficult
to satisfy (Rizqia et al., 2026) .

The relatively stable estimation bias across various sample
sizes and error variances also indicates that the spline approach
used is sufficiently robust despite approximation errors result-
ing from knot selection. These findings are consistent with
previous semiparametric spline studies stating that bias gener-
ally stems from a trade-off between model flexibility and the

smoothness level of the function (Rohma et al., 2025) . How-
ever, the magnitude of the bias in this study remains relatively
small, suggesting that the spline specification used is capable of
representing the underlying nonlinear patterns in the relation-
ships between variables.

Empirically, the results of the Ramsey RESET test confirm
that the relationship between technology access and financial lit-
eracy cannot be optimally explained using a pure linear model.
This indicates that the formation of financial literacy is het-
erogeneous and influenced by changing relationship patterns
at specific levels of technology access. Therefore, the use of
truncated splines is relevant because they can capture changes
in the structure of relationships that cannot be identified by
conventional linear models.

Estimation results indicate that technology access has a sig-
nificant positive effect on financial knowledge and financial lit-
eracy. This finding supports the research by Yang et al. (2023) ,
which shows that access to digital technology expands access
to financial information, enhances understanding of financial
products, and accelerates the financial decision-making process.
However, the effect of financial knowledge on financial literacy
in this study is relatively small, indicating that improvements in
financial literacy are not solely determined by cognitive aspects
but are also influenced by the ease of using digital financial
services and direct experience with financial technology (Kur-
niasari et al., 2025) .

The main finding of this study is the presence of a nonlinear
relationship between technology access and financial literacy,
marked by a knot at X1 = 3.667. This pattern indicates a
diminishing marginal effect, where increased technology ac-
cess provides greater benefits to groups with low access levels,
but the marginal effect diminishes after passing a certain point.
This finding expands upon previous studies that generally as-
sumed a linear relationship between technology and financial
literacy. Substantively, these results suggest that the benefits of
technology do not increase proportionally without limit, as at
higher levels of access, individuals tend to have already reached
a relatively optimal state of information (Kulshrestha, 2023) .

Interestingly, the indirect effect of technology access on
financial literacy through financial knowledge was found to be
insignificant. This suggests that technology influences finan-
cial literacy more through direct mechanisms than through
increased formal financial knowledge. These findings reinforce
the arguments of Lusardi and Mitchell (2014) and Morris
et al. (2022) that the development of increasingly simple and
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intuitive digital financial services enables individuals to make
financial decisions without requiring a high level of financial
knowledge. In other words, the digitization of financial services
can reduce cognitive barriers to the use of financial products.

From a practical perspective, the results of this study suggest
that policies to improve financial literacy should prioritize ex-
panding access to technology, particularly among groups with
low access levels, as these groups derive greater marginal bene-
fits. Additionally, the integration of truncated splines and dou-
ble resampling jackknife inference indicates that the proposed
approach provides a more flexible and robust methodologi-
cal framework for modeling complex structural relationships
compared to linear approaches.

4. CONCLUSION

This study highlights the importance of semiparametric ap-
proaches in path analysis when the assumption of linearity is
not fully met. By integrating truncated splines and double jack-
knife resampling, the developed model is capable of simultane-
ously accommodating both linear and nonlinear relationships
and produces more robust inferences compared to paramet-
ric approaches. Simulation results indicate that the double
jackknife method provides the best estimation performance,
particularly for medium sample sizes with a single nonlinear
relationship, as evidenced by lower RMSE and bias, as well
as a higher coverage probability. Empirical results show that
access to technology has a positive effect on financial knowledge
and financial literacy, while the indirect effect through financial
knowledge is not significant. Additionally, the truncated spline
successfully identified a diminishing marginal effect, where the
impact of technology access on financial literacy decreases after
passing a certain knot point. This finding confirms that rela-
tionships among variables in financial literacy are not always
linear and require a more flexible approach to capture complex
relationship patterns. This study still has limitations regarding
the number of nonlinear relationships modeled and the sample
size used in the simulation. Future research could develop mod-
els with multiple nonlinear components, a larger sample size,
and compare nonparametric approaches with other resampling
strategies to evaluate model robustness more comprehensively.
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