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ABSTRACT

The transition to renewable energy is essential for addressing

ge, with biofuel
ndates, public

acceptance remains limited, highlighting the need to understanShpek@vi factors. This study
examines the relationships between knowledge, attitudggg tion of biofuel and tests the
mediating role of attitude. Data were collected thr Q-item Qyrvey completed by 256

public transport users. Structural Equation Mod g ed using the semopy library
in Python. The results indicate that knowled it statistically non-significant
effect on attitude (f = 0.10; p > 0.05; 95% 28, whereas attitude strongly and
1[0.38, 0.85]). The direct effect of
hat higher knowledge alone does not
ion. Mediation analysis also shows that

knowledge on perception was non-si
necessarily translate into favourabl

shaping public perg
attitude formatio
be more effect

e framing, community engagement, and trust-building—may

S
inf®rmational campaigns in enhancing biofuel acceptance.
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R TION
D t challenges are experienced in reducing greenhouse gas emissions, which are the

main cause of global climate change [1]. The Special Report on Managing the Risks of Extreme
Events and Disasters to Advance Climate Change Adaptation (SREX) emphasizes that
adaptation and mitigation must be pursued concurrently to reduce climate-related disaster risks.
[2]. On the other hand, global trends in greenhouse gas emissions from 1990-2018 indicate
that mitigation efforts remain limited, with significant emission increases observed in the
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energy, industry, building, transport, and Agriculture, Forestry, and Other Land Use (AFOLU)
sectors across many developing regions. Only a few areas, such as Europe and North America,
showed moderate decarbonization through the shift to renewable energy [3]. In this context,
Lamb et al. [3] reviewed global greenhouse gas emission trends by sector from 1990 to 2018
and reported that the energy sector contributes approximately 25% of total global emissions.
Bogdanov et al. [4] analysed energy transition pathways and showed that energy-related
emissions, particularly in developing countries, continue to increase despite ongoing
electrification efforts. Therefore, the transition to a cleaner and more sustainable energy system
is prioritized in many countries. Renewable energy is promoted as a primary alternative to
fossil fuels, supporting low-carbon development [5] and reducing dependence on
environmental pollutants [6].

Biofuel is a renewable energy form sourced from biomass and organic materi
potential to reduce carbon emissions and increase national security [7]. I
mandatory B20 and B30 policies, as well as Government Regulation No. 79 of
the National Energy Policy, represent a commitment to supporting t
However, the success of implementing this policy is largely determined b
as end users.

Several research have shown that public resistance to new caerd ¢s 1is affected
by psychosocial aspects such as lack of knowledge, amb inaccurate risk
perception, and distrust of the technology's effectivene ardooni (2016) in
Malaysia found that cost, perceived ease of use, and an business environment

M\ demonstrated that perceptions of
port, and economic considerations
of ght Expanded Technology Acceptance
e success of energy transition depends

(2021) highlighted the roles of income, education, 4 hucturdyand government policy as key
n VA
e

influence adoption intentions within the
Model [11]. Collectively, these studie

heavily on the synergy between i tructural, and public policy factors. In the
context of geothermal energy, ic pgreepton and acceptance of renewable energy projects
are affected by the level of kn derstanding. However, although prior research
has described public view, i | in dmdonesia, studies examining the causal relationships

that influence attitudes aa entions remain very limited. Limited information and
e government can strengthen negative perception and

ergy projects [12]. Therefore, technocratic and behavioral

attitude and perception are positive. Initial analysis with a descriptive
plain the causal relationship between constructs. Therefore, the development
odel is needed to test the relationship between variables.

n the description, this research aims to evaluate the effects of knowledge on public
perception directly and through attitude mediation using the Python library (semopy). The
selection of Semopy was based on its flexibility in handling complex structural equation
modeling and its compatibility with the open-source Python ecosystem, which enables a more
transparent, easily replicable, and computationally efficient analysis process [13].These
advantages provide added value compared with conventional SEM software such as AMOS or
LISREL, which exhibit limitations in automation, scripting, and reproducibility [14]. The
simultaneous testing of direct and indirect effects is enabled to strengthen the validity of the
construct within a measurable theoretical framework. This analysis contributes to the
behavioral energy literature through the integration of mediation analysis used within the
context of biofuel in developing countries. The results are important for energy policy



designers in formulating communication and education strategies, with a focus on improving
public perception.

LITERATURE REVIEW AND FRAMEWORK

The Literature Review and Framework section positions biofuels within the broader
discourse of renewable energy, highlighting both their potential contribution to the transition
toward a sustainable energy system and the challenges inherent in their implementation. This
section includes the following sub-sections.

Biofuel in renewable energy context

Biofuel, a renewable energy source from biomass (e.g., agricultural byproducts
strategy for reducing carbon emissions and enhancing national energy security, pa
developing countries like Indonesia [7]. Given rising energy demands and gl
reduce greenhouse gas emissions [1], biofuel development is essentig
transition [15].

factors, including incentive allocation, market readiness, ail§
technology [16].

Pambudi et al. (2022) reported that the success of
heavily reliant on acceptance, a factor shaped by pezgeption, Kgwledge, and social interactions
between public and project developers [17]. Int &¢ase OF Indonesia, public acceptance
assumes critical importance due to social andg#togra omplexities, including resistance
in risk perception and limited access to tr

Public acceptance of new energy

Public acceptance is an impoganfdeternginai® in the successful deployment of novel and
renewable energy technologie Qsthefice & Andreas (2017) showed that the efficacy of
energy program was dependg i#frastructural readiness and societal response [19]. Various
social barriers, including €
resistance to change, " teggdoption process [9]. Furthermore, public perception of
biofuel are influence prehension of the associated environmental risks and climate

nd perception, should be critically analyzed to understand the
c acceptance concerning biofuel. This was supported by Pambudi et al.

Knowledge—Attitude—Perception model

The Knowledge—Attitude—Perception (KAP) model is a conceptual framework used in
analyses related to behavioral change, specifically in environmental issues, health, and
adoption of new technologies, including in the renewable energy field [22].

The model in biofuel research is primarily focused on three core dimensions. First,
knowledge refers to the extent of understanding the characteristics, benefits, and impacts of
biofuel, covering technical and socio-environmental aspects. Second, attitude reflects the
evaluative orientation of an individual towards biofuel, including a positive perception as a



clean energy solution. Third, perception relates to the subjective interpretation of biofuel, such
as assessment of potential risks, economic advantages, and practical utility in everyday
contexts. These three elements are interdependent and can influence decisions regarding the
adoption or rejection of biofuel in energy transition. The model proposes that sound knowledge
cultivates a positive attitude, leading to supportive perception concerning the considered
technology [23]. Furthermore, empirical data from research into public behavior concerning
renewable energy shows that affective components, such as attitude, possess greater predictive
power for behavioral intentions than technical knowledge [24].

The mediating role of attitude in the Knowledge—Attitude—Perception model
In several recent research, attitude acts as a mediating variable between knov@d@dge and

perception in the presence of attitude. In addition, attitude mediation has been p arious
contexts, such as the use of environmentally friendly products [27] and ial
investment [25].

In biofuel acceptance, the mediating role of attitude must be eva ariable
functions as a psychological filter [28]. Therefore, this research ex ationship in
structural model to determine the bridging function of atti , knowledge and

perception [26].

Relevant previous research

Several previous research discussed acceptancegf enerdgtechnology through descriptive
and linear regression methods. For example, M§ t al.N2011) examined the factors
influencing the purchase intention of electric ovacool et al. (2019) emphasized
the importance of social values and fairne ggcnergy acceptance [30]. However,
there is little research examining
simultaneously using the SEM m
descriptive patterns of KAP and did fpt test stru

s preliminary investigation identified
ral relationship between variables.

Logical framework and hypo

Based on the results o
between knowledge, agpitgdt TN eption of biofuel technology is explained through a
behavioral method d frowg the KAP Model. This model declares that an individual's
understanding o is priology affects the evaluative attitude. Subsequently, attitude
eflects acceptance or rejection of technology [28], [29].

that indiw ith M1 ]evels of knowledge formed a more positive attitude towards the use.
that higher biofuel-related knowledge is associated with more positive
uel use, a finding that is consistent with the results reported by Balogh et
r drivers. This can shape perception of an individual regarding the benefits,
elfability of biofuel in everyday life [33]. However, knowledge does not directly
ption following mediation of attitude, which serves as a psychological link. This
research formulated the following thinking framework by considering the theory and empirical
results of previous analysis.

a) Better knowledge about biofuel increases a positive attitude towards the use.

b) Positive attitude towards biofuel increases public perception of technology.

c) Knowledge has a direct effect on perception with a varied level of strength.

d) Attitude acts as a mediating variable in the relationship between knowledge and

perception.

The following hypotheses are formulated based on the logical framework
a) HI1: Knowledge has a positive effect on Attitude



b) H2: Attitude has a positive effect on Perception
c) H3: Knowledge has a direct effect on Perception
d) H4: Attitude mediates the relationship between Knowledge and Perception

This framework is reported in the form of a conceptual diagram in Figure 1, showing the
direct and indirect paths between variables, as well as the position of attitude as a mediator.
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Figure 1. The proposed Structural Equation Model (SEM) to ¢ rel@ionship between

Knowledge, Attitude, and Perception towards Biofuel, wit a ating variable.
METHOD

The methodology section outlines the systen approac used to achieve the research
the KAP model to analyze the

ptigh regarding public acceptance of
quation Modeling (SEM) with the

relationships among Knowledge, Attitude
biofuel use. The analysis was conducted
semopy library in Python, following

steps used to test both direct an
structure, this section incl

Research design

This researc
relationship betwg
line with thogpm

B®model developed was based on the KAP framework, a widely used
research of energy behavior. Furthermore, SEM was used to test the model

within a single integrated model.

The inclusion criteria for this research required respondents to be at least 17 years old, users
of public transportation (bus or train) in the Surakarta area, and willing to complete the survey
voluntarily. Incomplete responses and individuals who did not meet these criteria were
excluded from the final analysis.

Population and sampling methods

The population was public transportation users of buses and trains in the Surakarta area.
This selected area experienced high public transportation activity with the potential to be a
target for implementing renewable energy policies, specifically the use of biofuel (B20 and



B30) in the transportation sector. The population was estimated to reach around 4,000
individuals per day. The selection of respondents was carried out systematically at major bus
terminals and main public transport stops during morning to late-afternoon hours. Potential
participants were approached randomly, informed about the purpose of the study, and given
the questionnaire only if they met the inclusion criteria, namely being >18 years old and an
active user of public transportation. Participation refusals were recorded, and no incentives
were provided. This approach ensured equal opportunity for each member of the target
population to be selected and enabled the collection of a representative sample of public
transport users present at the data-gathering locations.

The determination of the number of samples was carried out by referring to the Isaac and

Appendix 2. The sociodemographic characteristics included age, gender, ;
level. This sampling approach is aligned with the exploratory nature of the stud

on mapping preliminary causal relationships in an energy-behavior cont@Xt Wy
notes that an adequate sample size for SEM is approximately 200, alt

a moderate sample size when the model structure is relati
parameters is not excessive [34]. Therefore, the use of the
is considered appropriate for an early-stage behavioral st
meeting the minimum requirements for estimating both
models.

A probability sampling method was used t

e medsurement and structural

individual had an equal chance of
as carried out without considering

Reliability test Data collection
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Figure 2. Instrument-development flow based on the Knowledge—Attitude—Perception (KAP)
model, illustrating the progression from initial item generation to validity testing, reliability testing, and
final selection of 20 measurement items mapped to knowledge, attitude, and perception constructs,
followed by data collection using stratified random sampling of 256 public transport users in Solo.

Instruments and variable measurement

Data were collected using a closed questionnaire instrument arranged in a 5-point Likert
scale format, ranging from 1 = "Strongly Disagree" to 5 = "Strongly Agree." The questionnaire



was designed to measure three main constructs, namely Knowledge, Attitude, and Perception
regarding the use of biofuel in Indonesia.

The total number of items used in the final analysis consisted of 20 questions, derived from
an initial pool of 26 items after content validity and reliability screening. The complete research
instrument grid for these 20 items is presented in Table 1 and detailed in Appendix 1. These
items were subsequently evaluated through Confirmatory Factor Analysis (CFA) to determine
their validity within the measurement model.

Table 1. Research Instrument Grid for Measuring Knowledge, Attitude, and Perception towards

Biofuel
. . Item Number of
Variable Indicator Code Ite
Knowledge (X1) Biofuel policy and technical P1-P7 7
information

Attitude (X2) Emotional support and evaluation P8 - P14
Perception (X3) Risks, benefits, and acceptance P15 - P20
Total Pl - P24

Content validity was confirmed through an expert judgmg c ding energy and
public policy experts. Furthermore, construct validity was fggtc C onfirmatory Factor
Analysis (CFA), using benchmarks of loading factor val e Variance Extracted
(AVE) > 0.5, and Composite Re > 0.7.
AVE was calculated using the following formula;

AVE was calculated using the following fo#fiu

2 A
\ 124 6 (1

Where A is loading factor (the c@efficient Dygween the indicator and the latent construct),
A% is Variance explained by t r a specific indicator and 6 is Error variance
(residual or measurement error ). Meanwhile, CR was calculated by using the
following formula:

t
__Ew»?
(R=Ghezo @

Internal relia ssessed using Cronbach’s Alpha, and all constructs showed a value

of a>0.7.

During F s, several indicators did not meet the recommended loading factor
threshol 0. Sfecifically, five items (P7, P8, P9, P10, and P11) showed insufficient factor
loadi moved to improve construct validity and overall model fit. After this

r Rygo

1 of 15 validated items were retained for further CFA and SEM analyses: P1—
0 edge, P12—-P17 for Attitude, and P18—P20 for Perception. This refined indicator
wens With the CFA loading factor tables and the Python SEM code presented in Appendix

Data analysis method

Data analysis was conducted using the SEM method, which allowed for the simultaneous
testing of the relationship between latent constructs and the indicators. The analysis process
was performed using Python software and the semopy library, compatible with the CFA and
SEM based on the lavaan-style model. The data analysis procedure was carried out in several
stages as follows. The full Python script used for SEM analysis, including CFA, path analysis,
and bootstrapping procedures, is documented in Appendix 3.

Measurement model evaluation



Convergent validity was showed by loading factor of each indicator > 0.5 and AVE > 0.5
[35]. Furthermore, a reliability test was conducted using CR and Cronbach's Alpha, with
an ideal value above 0.70. Discriminant evaluation was also performed by comparing the
roots of AVE and the correlations between constructs.

Structural model evaluation

Testing of direct relationships between constructs was conducted through the examination
of hypotheses H1, H2, and H3, using estimated parameter values (f), t-statistics, and p-
values to assess the statistical significance of each relationship. Additionally, an evaluation
of the overall model fit showed that structural model built was in line with the empirical
data. This evaluation used several goodness-of-fit indices as suggested in Tableg. Based
on the criteria of Kline (2016) [36], Byrne (2016) [37], and Hu and Bentler (14

model was reported to have a good fit when the following requirements g
square/df value was less than 3, 2) RMSEA and SRMR were less than 0.08
TLI values were more than 0.90. These criteria ensured that the develg
and could be interpreted reliably.

Table 2. Model Suitability Criteria (Goodness-of-Fit) i

Index
Chi-square/df
RMSEA
CFI

TLI
SRMR

Mediation analysis

This research analyzed the diggc
mediator between Knowledg
to determine the effect g ] mediating construct between Knowledge and
Perception [35], [39], ¢ 1 following formula.

wdirect Effect = a X b (3)

did not 1
the indig€ct effe®

e p value was < 0.05 [26]. This method produced an estimate of

% t. M&diation effect was considered significant when the CI value
vithl a 95% confidence interval (CI) according to the following formula.

Clgs\o, = Percentile; 5\, 97.5\% (IEbootStrap) 4)

S ent®, the total effect was classified as full or partial mediation [40]. The entire

nal Y&is Yrocess, including SEM modelling and bootstrapping, was carried out using the
programming language with the semopy library. The source code and technical

documentation were openly available through the GitHub repository and Zenodo.

Research ethics

This research was conducted by observing the principles of academic ethics. Each
respondent was provided with a clear explanation regarding the purpose of the study, the
voluntary nature of their participation, and the confidentiality of the collected data.
Participation was entirely anonymous, without incentives, and respondents had the right to
withdraw from the questionnaire at any time without any consequences.



Informed consent was obtained from all respondents prior to their participation.
Respondents gave their consent after being fully informed about the objectives of the study and
the confidentiality of their responses.

This research involved no intervention or experimentation on humans and therefore did not
require ethical approval from an official ethics committee. However, all procedures complied
with the ethical standards for social research.

RESULT AND DISCUSSION

The Results and Discussion section presents the main research findings obtained through
data analysis and interprets their meaning in both theoretical and practical contexts. The Results
subsection systematically presents the data in accordance with the research obj
hypotheses, while the Discussion section connects the findings to theory, previou
and relevant implications.

Description of respondent characteristics

The 256 respondents were public transportation users in
characteristics of the respondents included age, gender, and educati

Based on age, the majority were in the 18 — 24 years age rafig
—34 (13%) and 35 — 44 (13%). Other age groups were represcq
18 (12%), 45 — 54 (7%), 55 — 64 (6%), and > 65 years (3% [ der, the respondents
consisted of 54% male and 46% female, showing a r alanced distribution. The
education levels were also quite diverse, with the magmggity cOing from undergraduate (40%)
and senior/vocational high school (28%) back he reRaining respondents consisted
of junior high school (15%), associate's degr dntary school (7%), master's degree
(3%), and doctoral degree (1%). This bac
the diversity of social characteristics afft , attitude, and perception of biofuel’s
use in public transportation.

This information provides ag
influence knowledge, attitudes
was conducted using a probaiai

llowed by the 25
¥ percentages of <

ervievg of Mhe diversity of social characteristics that
tiolls toward the use of biofuel. Although sampling

pproach without stratification, the findings only
present at terminals and bus stops during the data

Results of odel evaluation confirmatory factor analysis
aSyrem 0del evaluation aimed to test the extent to which the indicators validly
and r ted the latent constructs. In this research, the model consisted of three
mai namely Knowledge (X1), Attitude (X2), and Perception (X3).
sis was carried out using the Confirmatory Factor Analysis (CFA) method with
the library in Python to confirm the consistency of the hypothesized indicator structure

with t pirical data, as showed by the loading factor values, AVE, and CR.

Common Method Bias Diagnostic

A diagnostic assessment for potential common method bias (CMB) was conducted because
all indicators originated from the same questionnaire. Conceptually, CMB risk was
mitigated by ensuring that the three constructs—Knowledge, Attitude, and Perception—
were theoretically distinct. Empirically, discriminant validity remained strong, as HTMT
values were below 0.85 and the Fornell-Larcker criterion was satisfied. An auxiliary check
using alternative model specifications (allowing free correlated residuals) did not indicate
the presence of a latent method factor. Distributional diagnostics also confirmed that the



data had no extreme outliers, acceptable skewness and kurtosis for ML estimation, and less
than 5% missing values, which were handled via listwise deletion. These results
collectively suggest that common method bias did not substantially affect the measurement
model.

Loading factor

Loading factor indicate the strength of the relationship between each indicator and its latent
construct. For interpretation purposes, the standardized loading threshold of > 0.50 was
used to assess indicator validity. Although CFA interpretations in this study follow
standardized loading criteria, Table 3 presents the unstandardized loading coefficients
generated by the semopy estimation procedure. In unstandardized solutions, latent gonstruct
variances are not constrained to 1.0, and therefore loadings may exceed without

indicating multicollinearity or model instability.
Table 3. Unstandardized Loading Factors for the Measurement IteQ
Indicator Construct I]{I(:;tdailrll(;a;: lzedQ
P1 X1 1.000
P2 X1
P3 X1 )
P4 X1 1
471
0.496

P5 X1
P6 X1
P12 1.000
P13 2 0.948
P14 X 0.554
P15 0.398
Pl 0.444
X2 0.468
X3 1.000
’ 1 X3 0.664
X3 0.454

; able 3 are unstandardized coefficients generated by semopy.
Becaysd Talft variances are not constrained to 1.0 in the unstandardized solution,
loadin ed 1.0 without implying model misspecification or multicollinearity. All
interpretations in the paper are based on standardized factor loadings

oad ctor values reported that most indicators had values above 0.5, suggesting
a e convergent validity. However, P15 and P20 had values approaching the lower
limit, which required further attention in discussing construct reliability.

Average variance extracted and composite reliability

The convergent validity and construct reliability were evaluated through average variance
extracted (AVE) and composite reliability (CR) after conducting loading factor tests, as
shown in Table 4. AVE reported the average indicator variance successfully explained by
the latent construct. A good value > 0.5 showed that the construct explained more than 50%
of the variance. Meanwhile, CR measured the internal consistency of indicators within a
single construct, with an ideal value of above 0.70. This variable was considered more
accurate than Cronbach's Alpha in the context of SEM.



Table 4. AVE and CR values for each construct
Construct AVE CR

X1 1.59 1.07
X2 0.46 0.82
X3 0.55 0.77

AVE: Average Variance Extracted, CR: Composite Reliability.
AVE and CR values are computed from the unstandardized CFA
output. As a mathematical consequence of unstandardized
loadings > 1.0, the resulting AVE or CR may exceed 1.0. The
interpretation of construct validity relies solely on the
standardized solution, where AVE and CR fall within the
acceptable theoretical range (0—1).

Knowledge (X1) showed very high AVE and CR values, indicating o't

reliability. The AVE wvalue exceeded 1.0 because it was @OmpBicty frghh the

unstandardized CFA output, where large unstandardized lgadirg dysmall error
NOJ

variances may mathematically result in AVE > 1.0. This does nf 3 instability,
as all validity interpretations 1n this study were based on thggstanyg d solution.

0.3¢ icating moderate

ral model was evaluated to test

met both AVE and CR criteria, confirming that the cd
establishing validity and reliability through CFAgihe st
the hypothesized relationships using empiricallg

Structural equation modelling results

The evaluated structural model re ted e tionship between Knowledge (X1),
Attitude (X2), and Perception (X3).4Phis mdtel analyzed using SEM to determine the
strength and direction of the effgctybetwe structs, as well as to test the previously

formulated hypotheses (Hl H2gend

(X1, X2, X3) d¢
represented thess
was used to (€ QSN
These regitits S &d Mypothesis H3 (X2 — X3), where attitude had a significant effect
on pgredption. aawhile, H1 (X1 — X2) and H2 (X1 — X3) were not significant since

odel. The estimated value of the path parameter (B)
ection of the effect between constructs. In addition, p-value

S. Path Coefficients and Significance of Relationships Between the Constructs

Path (Es ti?na te) p-value Description
X1 — X2 0.10 0.26 Not significant
X1 — X3 -0.16 0.10 Not significant
X2 — X3 0.62 <0.001 Significant

S = path coefficient

Path X1 — X2: The estimated value of 0.10 showed that knowledge had an insignificant
positive effect on attitude (p = 0.26). Therefore, increasing knowledge did not directly
change attitude. Path X1 — X3: The relationship between knowledge and perception was



also not significant (p = 0.10), and the direction of the effect was negative. In this context,
knowledge did not play a direct role in shaping perception. Path X2 — X3: was statistically
significant with f = 0.62 and p < 0.001. This showed that attitude had a strong and
significant effect on shaping perception of renewable energy.

Model fit criteria

Model fit evaluation aimed to assess structural model fit of the data obtained. Several
goodness-of-fit indices were used as references, with a specific meaning and threshold.
Table 6 summarizes the indices and presents the model fit evaluation based on several main
goodness-of-fit.

Table 6. Model Fit Evaluation

Index Model Value Ideal Criteria  Descriptig
RMSEA 0.07 <0.08 Fit
CFI 0.92 >0.90 1

SRMR 0.06 <0.08

RMSEA: Root Mean Square Error of Approximation, CFI: Co
Standardized Root Mean Square Residual

The RMSEA value of 0.07 was below the maximum 93, showing that the model
had an acceptable level of approximation ergge FurtM€rmore, the CFI value of 0.92
exceeded the threshold of 0.90, suggesting tha@ del hag a good fit when compared to
the baseline. The SRMR value of 0.06 wa#”als&beloW the limit of 0.08, showing a low
average residual between the model co atgglhd empirical data. The model built
had an adequate level of fit based o

Mediation analysis

Mediation analysis aimed det
relationship between Knowlg

method of 1000 iteration

incWthe mediating effect of Attitude (X2) in the
rception (X3) towards biofuel. A bootstrapping
t based on resampling to estimate the statistical

significance of mediat as recommended over the classical method (Baron &
Kenny) since a norm butign of indirect effects was not assumed. The indirect mediation
effect was calcul g the path coefficients a (from X1 to X2) and b (from X2 to
X3).

ng effect within the model, which included estimating the direct and indirect effects
along with a 95% confidence interval as the basis for determining statistical significance,
as follows.

Table 7. Bootstrapping Results of Mediation Effects

oL, Indirect CI95% CI95% o
Mediation Path Effect Lower Upper Description

X1 — X2 — X3 Not
(Mediation) 0.05 -0.14 0.22 Significant




In interpreting the bootstrap estimates, the indirect effect is considered statistically
significant when the 95% confidence interval (CI) does not include zero, indicating that the
effect is consistently positive or negative across the resamples. Conversely, when the CI
includes zero, the mediation effect is deemed non-significant because the true effect may
be zero.

Mediation analysis was conducted using standardized coefficients with 1,000 bootstrap
resamples. semopy provides percentile-based 95% confidence intervals, which are
appropriate for large-sample SEM despite not supporting BCa intervals. The mediation
effect was considered non-significant because the CI included zero. A simple robustness
check comparing results before and after removing weaker CFA indicators showed no
meaningful change in the indirect effect, supporting the stability of the null medigfton result

The indirect effect of Knowledge (X1) on Perception (X3) through Atti was
relatively small as shown in Table 7. However, the mediation effed ared
statistically insignificant since the 95% CI was [-0.14; 0.22]. Attitude tidally
proven as a significant mediator in the relationship between Knowleg ion in
the context of biofuel. Thus, the mediation hypothesis (H4) was porte@by the data,

and the effect of X1 on X3 occurred directly or through other pa

Discussion

Before discussing the structural and mediation resu
numerical characteristics of the measurement model.
corresponding AVE and CR values exceeded

nt to clarify several
bof factor loadings and the

of construct validity in this study, 1
CR, rely exclusively on the stan
and empirical limits. With the

The results of mediation_a i ootstrapping show that the indirect effect of
knowledge (X1) on pegfe ough attitude (X2) is 0.05 with a 95% CI between -
0.14 and 0.22. Singg,t

considered statist @ nt. Theoretically, KAP model assumes that attitude is a
cognitive-emggimga gu®m bridging knowledge and perception of an issue or
technology. ffect is unproven because knowledge possessed by respondents

[ediafig
tends to perception of biofuel, without a change in attitude. This phenomenon
can bg eXplaine ch two possibilities. First, public transport users in the Surakarta area
regeiveN atbon about biofuel from direct channels such as government campaigns,
nces, or media coverage. In this context, perception are formed
based on factual information. Second, attitude as an affective variable has
ot b veloped evenly among respondents.

er, the structural regression analysis shows that the strongest and most significant
pathway in the model is the influence of attitude on perception. This finding indicates that
once attitudes are formed, affective factors have greater explanatory power than factual
knowledge. In other words, public perception of biofuel is shaped not only by the
information they receive but also by emotional values and judgments related to broader
narratives such as environmental sustainability, energy security, and national interest. This
suggests that public support often develops through emotional resonance, even when their

technical understanding remains limited.
The practical implication is that biofuel socialization or education programs should focus
on enhancing the quality and quantity of information available to the community. This
method is more efficient than attempting to form attitude in a community lacking a strong



construct towards renewable energy issues. Therefore, strengthening positive perception of
biofuel can be achieved directly through knowledge-based strategies.

Main results
The KAP model was successfully tested structurally using the SEM method. However, only
the relationship between attitude (X2) and perception (X3) showed statistical significance. The
constructs in the model were proven to have adequate reliability and validity convergently and
discriminantly. In addition, no significant mediation effect of attitude was shown in bridging
the effect of knowledge on perception. These results provided an important basis for
formulating policies and intervention strategies in the context of energy education targeted at
public transportation users. Attitude-based method was reported as effective entry g#int than
tween

simply increasing knowledge.
clatilg
? the use of
§ ygtitdtive method
% pRrtant conclusions
were reported based on the results of data processing.
a) The theoretical model based on the KAP framgft

biofuel. This suggested that the KAP model remairiegd 2 t conceptual method for
explaining public acceptance of energy inngg@@tgns, by
not linear or direct.

b) The validity and reliability of the ¢
results showed that most indicat

a cl
0.5. The AVE values for the t cOmstru ched the minimum limit of 0.5, while
CR was above 0.7. Therefore ffhe Tesear®) instrument was quite reliable in representing
S

CONCLUSION

In conclusion, this research showed a deeper understanding of the
knowledge (X1), attitude (X2), and perception (X3) of the com i
biofuel among bus and train users in the Surakarta area. An explaf
was adopted using SEM and CFA analysis as the primary tools

the latent constructs.

c) The relationship betw
Knowledge (X1) t
Meanwhile, the zgla
(p <0.001).

showed a selective pattern. The path from
X2)guggested a positive and an insignificant coefficient.

i bdgvcen Attitude (X2) and Perception (X3) was significant
aus¢attitude plays a crucial role in shaping public perception

d) Knowledge (X1) on Perception (X3) was not significant. This
ledge was insignificant in altering perception and necessitated

sms, such as direct experience or social reinforcement.

lysis through bootstrapping with 1000 iterations obtained an indirect
.05, with a 95% CI of [-0.14, 0.22]. There was no significant mediation effect
itude (X2) on the relationship between knowledge and perception since the range
offhe’interval includes zero.

f) ¢ model had an adequate fit, as shown by the fit index evaluation results (RMSEA =
0.07, CFI = 0.92, and SRMR = 0.06). Since the reported values were consistent with
the criteria suggested in the literature, the model was declared fit and used for further
interpretation.
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NOMENCLATURE Q
Symbol/Abbreviation Description

X1 : Knowledge Construct

X2 : Attitude Construct

X3 : Perception Construct

P1-P20 . Questionnaire ite
A (Lambda) . Loading factogfthe i ¢ effect on the construct)
AVE Average anc cd, average variance explained by

B ient in the SEM model
p-value obdBility value of statistical significance
RMSEA t Mean Square Error of Approximation, model fit index
AN
R :

const
CR . CampQgite Raliabitity, reliability of combined constructs
A : h a, a measure of internal consistency
th 8ge

- % Comparative Fit Index, model fit index

:  Standardized Root Mean Square Residual, model fit index

a, . Path coefficient in mediation model (X1 — X2 =a; X2 — X3 =b)
X : Indirect effect in mediation model

Structural Equation Modelling

FA :  Confirmatory Factor Analysis
Bootstrapping . Resampling method for estimating the significance of the indirect
effect
N : Number of respondents (in this research: 256)
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Appendix 1 — Research Instrument Grid (Revised), complete with Question Item column for each
item. A total of 20 questions are divided into three constructs: Knowledge (X1), Attitude (X2), and
Perception (X3):


https://doi.org/10.4324/9781315695990

Item

Variable Indicator Code Question Item (Summary)
Knowledge | General I have heard information regarding biofuels (fuels
(X1) information | P1 | derived from plant-based raw materials), such as
and biogas, biomass, biodiesel, bioethanol, and others.
policies P2 | I know that biofuel is used to mix diesel.
P3 I have heard of the government's B20 (a mixture of 20%
Biodiesel and 80% Diesel) and B30 policies.
P4 I updgrstand that biofuel can reduce greenhouse gas
emissions.
P5 I know that biofuel has been used in the trang
sector.
P6 I know that biofuel is produced from re
sources.
I understand the challenges of bi
P7 .
Indonesia.

P8 I know the difference betweet
I understand the contrib

P9 energy mix.
P10 | I know that biofue iesel vehicles.
P11 I know that the efi in&gase biofuel production

etiti ver the use of fertile land.

3

Attitude Emotional
(X2) support and

values

| support government policies on biofuel energy.
believe biofuel is a good fuel for making
transportation more environmentally friendly.

I think biofuel can reduce dependence on oil imports.

I think biofuel can improve farmers' welfare. Because it
can be produced from plants such as oil palm, jatropha,
and sugarcane.

Perception | User g8
(X3)

artial Dataset of Respondents (N = 256)

pendix presents partial survey data from a total of 256 respondents used in the
re . To maintain brevity and readability, only the first 25 rows are shown as a
representation of the data structure, including the question item scores from Knowledge,
Attitude, and Perception constructs.

Note: ltems P7—P11 appear in this partial dataset because they were part of the original
26-item questionnaire. These items were excluded from the final CFA/SEM model due to
insufficient factor loadings and are not part of the final 15-item measurement model used
in the analysis

ondent | P1 | P2 |P3 | P4 | PS|P6 | P7 P8 | P9 | P10 | P11 | P12 | P13 | P14 | P15 | P16 | P17 | P18

P19

P20
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Appendix 3 - Python SEM Code

This appendix contained the Python script used in the research data through semopy library.

The analysis included three main stages, namely (1) CFA to test the validity and reliability of
Knowledge, Attitude, and Perception constructs, (2) Structural Equation Modelling (SEM) to
test the direct and indirect relationships between constructs, including evaluation of model fit,
and (3) Bootstrapping of 1000 iterations to test the mediating effect of Attitude. Furthermore,
the script was written in Visual Studio Code and replicated with the pandas,
semopy libraries.

(1) Confirmatory Factor Analysis (CFA)

import pandas as pd

import numpy as np

from semopy import Model

from semopy.inspector import inspect

# Load data

df = pd.read_excel('Data.xlsx")

columns = ['P1', 'P2, 'P3", 'P4', 'P5', "
'P12','P13', 'P14', 'P15', 'P
'P18', 'P19', 'P20'"]

# CFA Model

P3 PS5+ P6
P15+ P16 + P17

X2 =~PI12+F
X3 = :% )
0 odBl(model desc)

rieve loading factor from inspect results
estimates = inspect(model)
lambda_rows = estimates[estimates['op'] == '~']

print("\nFactor Loadings:")
print(lambda_rows|[['lval', 'rval', 'Estimate']])

# Calculate AVE and CR for each construct
def calculate ave cr(loadings):

py, and

S
S
&

df = df[columns].apply(pdde Mumerigy err8rs='coerce').dropnal()
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squared = np.square(loadings)

ave = np.mean(squared)

cr = np.sum(loadings)**2 / (np.sum(loadings)**2 + np.sum(1 - squared))
return ave, cr

summary =[]
for konstruk in ['X1', 'X2', 'X3']:
loads = lambda rows[lambda rows|['rval'] ==
konstruk]['Estimate'].astype(float).values
ave, cr = calculate ave cr(loads)

summary.append({'Konstruk': konstruk, 'AVE'": round(ave, 3), 'CR": 1 )})
print("\nAVE and CR:") Q

print(pd.DataFrame(summary))

(2) Structural Equation Modelling (SEM)
import pandas as pd
from semopy import Model

import matplotlib.pyplot as plt

import networkx as nx ®

# Load data
df = pd.read excel("Data.xlsx}
columns = ['P1', 'P2', 'P3', |

'P12','P13', 'P14',

15'

'P18', 'P19',
df = dffcolumns = eric, errors='"coerce').dropna()
# Define witR mediation
desc Zgiuny

Pl + + P4 +P5+P6

+RB13 + P14+ P15 +P16 + P17
P19 + P20

model = Model(desc)
res = model.fit(df)

# Estimate parameters
est = model.inspect()
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print("\nParameter Estimates:")
print(est[['lval', 'op', 'rval', 'Estimate', 'Std. Err', 'p-value']])

# Model fit summary (Chi-square/df, etc) - if supported
print("\nModel Fit (summary):")
print(res) # Displays log likelihood, AIC, BIC, Chi2 if available

# Path Diagram Visualization
def plot _path diagram():
edges = est[est['op'].isin(['~', '=~"])]
G = nx.DiGraph()
for , row in edges.iterrows():
G.add edge(row['rval'], row['lval'], weight=round(row['Esti

pos = nx.spring_layout(G, seed=42)
nx.draw(G, pos, with labels=True, node size=3000, %

font size=9)

'
5

edge labels = nx.get edge attributes(G, 'weight

nx.draw_networkx edge labels(G, pos, edge la
plt.title("Final SEM Path Diagram")
plt.show()

print(est[['lval’, 'op', 'rval', 'EstimagNStd. ', 'gpvalue']])

print("\nModel Fit Summary:"
print(res)
plot _pathdiagram%%

3) Bootstrap%

ileMpath = "Data.xlsx"

df = pd.read_excel(file path)

# Select relevant columns
columns = ['P1', 'P2, 'P3', 'P4', 'P5', 'P6,
'P12','P13', 'P14', 'P15', 'P16', 'P17',
'P18', 'P19', 'P20'"]
df = df[columns].apply(pd.to_numeric, errors='coerce').dropna()
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# Define SEM model (mediation): X1 — X2 — X3
desc ="""

X1=~P1+P2+P3+P4+P5+P6
X2=~P12+P13+P14+P15+P16+P17

X3 =~P18 +P19 + P20

X2 ~X1
X3 ~X1+X2

# Setup bootstrapping Q
boot n= 1000
indirect_effects =[] Q

success =0
fail=0

for i in range(boot n):
sample = df.sample(n=len(df), replace=True)

model = Model(desc)

try:
model.fit(sample) %

estimates = model.inspect()

a_row = estimates.logjeslmatesqgval == 'X2") & (estimates.rval == 'X1")]
b _row = estimates.I8g/[ (e al =="'X3") & (estimates.rval == 'X2")]

t:
fail +=1
continue

print(f"Success: {success} iterations, Failures: {fail} iterations")

# Final result

if indirect_effects:
indirect_effects = np.array(indirect effects)
mean_indirect = np.mean(indirect effects)
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ci_low = np.percentile(indirect _effects, 2.5)
ci_high = np.percentile(indirect_effects, 97.5)

print("\nBootstrapping Results for Mediation Effect (X1 — X2 — X3):")
print(f'Indirect Effect Mean: {mean_indirect:.3f}")

print(f'95% Confidence Interval: [{ci_low:.3f}, {ci_high:.3f}]")

if ci_low >0 or ci_high <0:
print("Conclusion: Mediation effect is SIGNIFICANT.")

else:
print("Conclusion: Mediation effect is NOT significant.") Q
else:
print("Bootstrapping failed: no valid iterations.") Q
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