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Abstract

Sustainable consumption is a global imperative, yet its behavioral drivers vary across cultural and
technological contexts. This study examines how environmental knowledge (EK), environmental
attitude (EAT), and perception of Al-driven personalization (PAI) shape green purchasing intention
(GPI) and green purchasing behavior (GPB) among youth in Java, Indonesia. A cross-sectional survey
of n = 517 university students (17-25 years) was analyzed using PLS-SEM (SmartPLS 4.0). The
extended TPB model showed adequate measurement quality (e.g., SRMR = 0.074; HTMT < 0.90) and
explanatory power (R EAT = 0.436; GPI = 0.373; GPB = 0.553; PAI=0.077). Key structural paths were
significant: EK — EAT (3 =0.661, p <0.001); EAT — GPI (= 0.445, p <0.001); EAT — GPB (3 = 0.366,
p <0.001); GPI — GPB (3 = 0.444, p <0.001); PAI — GPI ( =0.136, p = 0.001), while PAI — GPB was
not. Mediation tests (5,000 bootstraps) confirmed robust indirect effects via EAT and GPI (e.g., EK —
EAT — GPB; EAT — GPI — GPB; EK — EAT — GPI — GPB). Predictive assessment indicated Q2> (
for endogenous constructs (EAT = 0.228; GPI = 0.220; GPB = 0.337), and PLSpredict favored the PLS-
SEM model over a linear benchmark on 26 of 40 RMSE/MAE comparisons, evidencing out-of-sample
utility. The findings suggest that strengthening knowledge to cultivate supportive attitudes, coupled
with transparent, value-aligned Al personalization, can elevate intention and translate into greener
purchases. Implications are offered for platform design, education, and policy in emerging markets.

Keywords: sustainable consumption; green purchasing behavior; green purchasing intention;
environmental knowledge; environmental attitude; Al-driven personalization

1. Introduction

Sustainable consumption is recognized as a global imperative, with the United Nations
Sustainable Development Goals (SDGs) identifying “Responsible Consumption and Production”
(Goal 12) as a key target for ensuring environmental stability in the face of rapid demographic and
economic changes [8]. In Indonesia, the projected population increase to 328.93 million by 2050 poses
substantial challenges to ecological balance if unsustainable consumption patterns persist [1]. Rapid
urbanization, evolving lifestyles, and increased consumption intensify the strain on natural
resources, underscoring the urgency of promoting sustainable consumer behavior [2,3].

Green purchasing behavior (GPB)—the selection of products and services that minimize
environmental harm—has been identified as a central mechanism for advancing sustainable
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consumption [4]. Empirical studies have shown that environmental knowledge (EK) and
environmental attitude (EAT) significantly influence pro-environmental behavior [5,6]. Within the
Theory of Planned Behavior (TPB), these factors often exert their effects indirectly, mediated through
green purchasing intention (GPI) [7,8].

In parallel, technological advances have transformed the consumer decision-making landscape.
Al-driven personalization, including recommendation systems, targeted marketing, and chatbot
assistance, can enhance user engagement by tailoring content to consumer needs and values [9,10].
In sustainability contexts, personalized Al tools have the potential to promote green products by
providing relevant, persuasive, and timely information [11]. However, the effectiveness of Al
personalization in fostering sustainable purchasing remains contested. While some research suggests
that Al-based targeting can overcome information barriers and reinforce positive attitudes [12,13],
others warn of possible drawbacks, including consumer skepticism, privacy concerns, and reduced
autonomy in decision-making [14,15].

Despite growing global interest in Al-driven personalization, few studies have integrated
technological perceptions into behavioral models of sustainable consumption, particularly in
developing countries [16]. The Indonesian context—where digital adoption is high among youth, but
sustainable purchasing remains underdeveloped —offers a valuable case for exploring these
dynamics. Youth are an especially important demographic for sustainability transitions, as they are
active consumers, early adopters of technology, and influential within their social networks [17].

This study examines the influence of EK, EAT, and perception of Al-driven personalization
(PAI) on GPB among youth in Java, Indonesia, with GPI as a mediating variable. By integrating PAI
into the TPB framework, this research extends sustainability theory and addresses the empirical gap
on technology—behavior linkages in emerging markets. The findings indicate that combining strong
environmental awareness and attitudes with favorable perceptions of Al tools significantly enhances
both intention and actual green purchasing behavior, providing actionable guidance for
policymakers, educators, and businesses aiming to accelerate sustainable consumption locally and
globally.

2. Theoretical Framework and Hypotheses
2.1. Green Purchasing Behavior and Sustainable Consumption

Green Purchasing Behavior (GPB) refers to consumer decisions to buy products and services
that minimize negative environmental impacts. Prior research highlights GPB as a mechanism to
advance sustainable consumption and achieve SDGs [18]. Studies demonstrate that GPB is shaped
by both psychological factors—such as environmental knowledge and attitude—and external
influences, including technological interventions [19,20]. Understanding the formation of GPB is
crucial, especially among youth, who are both active consumers and early adopters of digital
technologies [17,21,22].

2.2. Environmental Knowledge and Environmental Attitude

Environmental Knowledge (EK) is consumers’ awareness of environmental issues, resource
efficiency, and ecological problem-solving [5]. Empirical studies show that higher EK enhances pro-
environmental decisions [6]. Environmental Attitude (EAT), meanwhile, represents individuals’
positive or negative evaluations of environmentally friendly behaviors. Within the Theory of Planned
Behavior (TPB), attitude is a central determinant of intention, which ultimately drives behavior [23].
Hypotheses:

H1. Environmental knowledge positively influences green purchasing intention.
H2. Environmental knowledge positively influences perception of Al-driven.

H3. Environmental knowledge positively influences environmental attitude.
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H4a. Environmental attitude positively influences green purchasing intention.
H4b. Environmental attitude positively influences green purchasing behavior.

2.3. Al-Driven Personalization and Consumer Decision-Making

Technological advances, especially Artificial Intelligence (Al), have transformed consumer
decision-making. Al-driven personalization (PAI) involves tailoring product recommendations,
advertisements, and purchasing experiences to consumer preferences [14]. While some research
argues that Al personalization reduces information barriers and strengthens purchase intentions for
eco-friendly products [13,24], other studies caution about risks such as privacy concerns and
consumer skepticism [15,25]. In sustainability contexts, PAI can act as an enabling factor that
enhances both intention and actual behavior. Hypotheses:

Hb5a. Perception of Al-driven personalization positively influences green purchasing
intention.

H5b. Perception of Al-driven personalization positively influences green purchasing
behavior.

2.4. Green Purchasing Intention and Green Purchasing Behavior

The Theory of Planned Behavior suggests that intention is the most immediate antecedent of
behavior [26]. Green Purchasing Intention (GPI) reflects consumers’ willingness to choose eco-
friendly products. In this regard, GPI serves as the psychological bridge that transforms favorable
cognitions and attitudes into observable pro-environmental actions. Consumers who demonstrate a
strong intention are more likely to translate their preferences into real purchasing behavior, thereby
contributing to sustainable market demand [27]. Moreover, integrating Personalized Al-driven
recommendations (PAI) into this framework extends its explanatory power by illustrating how
technology perceptions and personalized experiences can strengthen purchasing intention, which in
turn drives green purchasing behavior. Hypotheses:

H6. Green purchasing intention positively influences green purchasing behavior.

2.5. Conceptual Framework

Based on the above discussion, this study proposes a conceptual model integrating
environmental knowledge, environmental attitude, and perception of Al-driven personalization as
predictors of green purchasing intention and behavior. The model highlights the mediating role of
intention and reflects an extended TPB framework in the context of Al-enabled sustainable
consumption. The conceptual framework can be seen di Figure 1.
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Figure 1. Research Model.
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3. Methods
3.1. Research Design

This study adopted a quantitative research design with a cross-sectional survey approach to
examine the relationships among environmental knowledge (EK), environmental attitude (EAT),
perception of Al-driven personalization (PAI), green purchasing intention (GPI), and green
purchasing behavior (GPB). The conceptual framework integrates the Theory of Planned Behavior
(TPB) with an Al-driven personalization variable as an additional predictor, thereby extending the
traditional model to incorporate technological engagement in sustainable consumption contexts.

3.2. Population and Sampling

The target population comprised youth in Java, Indonesia, aged 17-25 years, specifically
undergraduate students. A non-probability purposive sampling method was employed to select
respondents from universities affiliated with Catholic Higher Education Association and reputable
private and public universities, ensuring geographic coverage across Jakarta, Bandung, Semarang,
Yogyakarta, Malang and Surabaya. Sample size determination followed the guidelines of Yamane’s
formula [28], yielding a minimum of 267 participants; however, to enhance statistical power, data
were collected from 517 respondents.

3.3. Data Collection

Data were gathered using a structured online questionnaire, distributed through institutional
networks and student organizations. The instrument employed a five-point Likert scale (1 = strongly
disagree; 5 = strongly agree) for all construct items. Measurement items for EK, EAT, PAI, GPI, and
GPB were adapted from validated scales in prior studies [5,7-9,11,29,30].

3.4. Variables and Measurement

The variables and measurement instruments employed in this study are as follows.

1. Environmental Knowledge (EK): Assessed using five indicators measuring knowledge for
environmental protection, efficiency, problem-solving, and information sharing [5].

2. Environmental Attitude (EAT): Measured with six items reflecting commitment, responsibility,
problem-solving, and support for environmentally responsible enterprises [30].

3. Perception of Al-driven Personalization (PAI): Measured through six indicators including trust
in Al perceived usefulness, ease of use, attitude toward Al, and intention to use [11].

4.  Green Purchasing Intention (GPI): Assessed with four items capturing intention to purchase or
switch to environmentally friendly products [7,8].

5. Green Purchasing Behavior (GPB): Measured with five items reflecting purchasing choices and
willingness to pay more for green products [29].

3.5. Data Analysis

Partial Least Squares Structural Equation Modeling (PLS-SEM) was used to test the
hypothesized relationships, as it is suitable for complex models with multiple constructs and
mediating variables [31,32]. Analyses were conducted using SmartPLS 4.0. The evaluation process
included:

Partial Least Squares Structural Equation Modeling (PLS-SEM) was used to test the
hypothesized relationships, as it is suitable for complex models with multiple constructs and
mediating variables [31,32]. Analyses were conducted using SmartPLS 4.0. The evaluation process
included:

1. Measurement Model Assessment: Factor loadings (20.50), Composite Reliability (CR > 0.70),

Average Variance Extracted (AVE > 0.50), and discriminant validity tests (HTMT ratio < 0.90)
[31].
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2. Structural Model Assessment: Examination of path coefficients, t-values (>1.96), p-values (<0.05),
R? values, effect sizes (f2), and predictive relevance (Q?) [33].

3. Goodness-of-Fit: Standardized Root Mean Square Residual (SRMR < 0.08) and model fit indices
[31].

3.6. Ethical Considerations

Ethical approval for the study was obtained from the appropriate institutional review board
prior to data collection. All participants provided informed consent, and responses were anonymized
to protect confidentiality.

4. Results

4.1. Measurement Model Evaluation

The measurement model was assessed to ensure reliability and validity of the constructs. The
values of convergent validity and reliability for the measurement model can be seen in Table 1.
Indicator reliability was confirmed as all standardized factor loadings exceeded the recommended
threshold of 0.50 [34]. Internal consistency reliability was supported, with Composite Reliability (CR)
values ranging from 0.843 to 0.895 and exceeding the minimum criterion of 0.70. Convergent validity
was confirmed, with Average Variance Extracted (AVE) values between 0.520 and 0.631, surpassing
the 0.50 threshold [34]. Furthermore, Cronbach’s Alpha (CA) values for all constructs ranged from
0.766 to 0.854, which also demonstrate satisfactory reliability. Similarly, the Rho A values, which
provide a more accurate estimation of construct reliability, were consistently above 0.76, further
supporting the robustness of the measurement model. The loading factors for individual items varied
between 0.567 and 0.846, indicating that each item contributes adequately to its respective construct.
Among the constructs, GPB demonstrated the highest reliability, with a CR of 0.895 and an AVE of
0.631, while PAI, although slightly lower, still met the acceptable thresholds (CR =0.843, AVE =0.520).
These results collectively confirm that the constructs employed in this study are both reliable and
valid, thereby ensuring that subsequent structural model analysis can be performed on a solid
measurement foundation.

Table 1. Convergent validity and reliability for the measurement model.

Construct Items Loading Factor CA Rho A CR AVE
EAT Eacel 0.652 0.818 0.833 0.869 0.528
Eapel 0.802
Eapil 0.797
Ears?2 0.567
Easg3 0.721
Eassl 0.789
EK Ekael 0.788 0.769 0.785 0.844 0.521
Ekek?2 0.583
Ekls1 0.766
Eksel 0.752
Ekuel 0.704
GPB Gbbgl 0.846 0.854 0.855 0.895 0.631
Gbcbl 0.742
Gbgml 0.775
Gblll 0.788
Gbpe2 0.818
GPI Gpcpl 0.732 0.785 0.792 0.861 0.607
Gposl 0.804
Gpibl 0.797
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Construct Items Loading Factor CA Rho A CR AVE
Gpisl 0.783
PAI Paat2 0.734 0.766 0.761 0.843 0.520
Paiu2 0.805
Papm1 0.568
Papu3 0.756
Pata3 0.721

Discriminant validity was established through the Heterotrait-Monotrait (HTMT) ratio, with all
values below the threshold of 0.90 [34]. The results of the HTMT analysis are presented in Table 2. As
shown in the table, all construct pairs exhibit HTMT values ranging from 0.360 to 0.814, which
indicates adequate discriminant validity. Specifically, the highest HTMT value (0.814) was observed
between EAT and EK, while the lowest value (0.360) was found between EA and PAI Since all the
values fall below the recommended cut-off point, the constructs in this study are empirically distinct
from each other. This confirms that each construct measures a unique concept, thereby strengthening
the validity of the measurement model. Consequently, these results provide a solid basis for
proceeding with the evaluation of the structural model.

Table 2. Results of heterotrait monotrait ratio (HTMT).

Construct EAT EA GPB GPI PAI
EAT

EK 0.814

GPB 0.749 0.566

GPI 0.721 0.600 0.808

PAI 0.396 0.360 0.376 0.398

After testing the validity of the measurement model, the fitness of the measurement model was
then examined based on the following indices: Chi-squared (x2); standardized root mean square
(SRMR); A value of SRMR less than 0.08 is considered a good fit [35]. The results of the measurement
model fitness are presented in Table 3. The SRMR value obtained was 0.074, which falls below the
recommended threshold, indicating that the model demonstrates an acceptable fit. Although the Chi-
squared statistic (x2 = 1108) is significant, this is common in large sample sizes and therefore not
considered a sole indicator of poor model fit. The Normed Fit Index (NFI) value was 0.799, which is
slightly below the ideal threshold of 0.90 but still indicates a reasonable level of model fit. Meanwhile,
the Rms Theta value was 0.128, which is within the acceptable range suggested for measurement
models, reflecting that the model specification errors are minimal. Taken together, these results
suggest that the measurement model demonstrates adequate overall fitness, providing confidence in
the structural relationships to be tested in the subsequent analysis.

Table 3. Measurement Model Fitness.

F1T INDICES VALUES
Chi-squared (x2) 1108
SRMR 0.074
NFI 0.799
Rms Theta 0.128

4.2. Structural Model Evaluation

Collinearity diagnostics showed that all inner Variance Inflation Factor (VIF) values were below
the threshold of 5, indicating no multicollinearity issues [31]. As presented in Table 4, the VIF values
ranged between 1.000 and 1.841, suggesting that each predictor variable contributes uniquely to the
model without inflating the variance of the regression estimates. This ensures that the relationships
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between constructs are not biased by redundancy among predictors, thereby strengthening the
robustness of the model.

Table 4. Results of Inner Variance Inflation Factor (VIF).

Items EAT EK GPB GPI PAI
EAT 1.566 1.841
EK 1.000 1.790 1.000
GPB
GPI 1.565
PAI 1.148 1.124

The coefficient of determination (R2) values, shown in Table 5, provide insight into the
explanatory power of the model. The model explained 43.6% of the variance in EAT (R? = 0.436),
55.3% of the variance in GPB (R2 = 0.553), 37.3% of the variance in GPI (R2 = 0.373), and 7.7% of the
variance in PAI (R? = 0.077). According to the guidelines suggested by Hair et al. [31], these results
indicate that the explanatory power of the model is moderate for GPB, moderate-to-low for EAT and
GPI, and weak for PAIL Nevertheless, the relatively higher R? value for GPB shows that the constructs
included in the model account for more than half of the variance in green purchasing behavior,
highlighting the strong predictive ability of the model in this domain.

Table 5. Results of R square.

Construct R Square R Square Adjusted
EAT 0.436 0.435
GPB 0.553 0.550
GPI 0.373 0.369
PAI 0.077 0.075

The path analysis revealed significant relationships between EK, EAT, and PAI on GPI and GPB,
providing support for most of the proposed hypotheses. As presented in Table 6, the path from EK
to EAT (H3) showed the strongest effect (p = 0.661, t = 22.423, p < 0.001), confirming that
environmental knowledge plays a crucial role in shaping environmental attitude. Likewise, EAT was
found to be a powerful predictor of both green purchasing intention (H4a: 3 = 0.445, t = 7.545, p <
0.001) and green purchasing behavior (H4b: = 0.366, t = 9.151, p < 0.001). These findings highlight
the central role of environmental attitude in translating knowledge into pro-environmental
behavioral outcomes.

The influence of PAI was also noteworthy. While PAI significantly influenced GPI (H5a: (3 =
0.136, t = 3.259, p = 0.001), its effect on GPB was not significant (H5b: = 0.056, t = 1.574, p = 0.116),
suggesting that personal Al interaction may enhance intention but does not directly translate into
actual purchasing behavior. Meanwhile, the path from GPI to GPB (H6: 3 =0.444, t=11.494, p <0.001)
was both strong and highly significant, reinforcing the Theory of Planned Behavior that intention is
the most immediate antecedent of actual behavior.

Table 6 illustrates the structural model with the significance of the path coefficients. Bold black
arrows represent paths significant at p < 0.01, thin black arrows indicate significance at p < 0.05, and
red arrows mark unsupported hypotheses. Out of the eight tested hypotheses, seven were supported,
indicating a well-fitting structural model. Overall, these results demonstrate that environmental
knowledge and environmental attitude are the key drivers of green purchasing, while intention
remains the strongest mediator between predictors and behavior. These findings provide theoretical
support for the TPB framework and practical implications for businesses and policymakers seeking
to design strategies that strengthen environmental attitudes and intentions, ultimately driving
sustainable consumption behavior.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Table 6. Structural model results.

Hypothesis Path B Tstatistics p-value Supported
Hi1 EK ~» GPI 0.145 2.297 0.022 *

H2 EK ~»PAI 0.278 5.608 0.000 EE

H3 EK —»EAT 0.661 22.423 0.000 %

H4a EAT —PGPI 0.445 7.545 0.000 e

H4b EAT—>GPB 0366  9.151 0.000 et

Hba PAI — GPI 0.136 3.259 0.001 o

H5b PAI —>GPB 0.056 1.574 0.116 -

Hé6 GPI —> GPB 0.444 11.494 0.000 o

4.3. Mediation Analysis

The mediating effects of GPI and PAI were tested using a bootstrapping procedure with 5,000
resamples, which is widely recommended in PLS-SEM studies to ensure robust estimation of indirect
effects. As presented in Table 7, several mediation paths were found to be statistically significant.
Specifically, the path EK — EAT — GPB ( =0.242, t = 8.424, p <0.001) demonstrated a strong indirect
effect, highlighting the crucial role of environmental attitude in linking knowledge with behavior.
Similarly, the mediation path EAT — GPI — GPB (3=0.198, t =6.011, p <0.001) confirmed that green
purchasing intention transmits the effect of environmental attitude to actual purchasing behavior.
The sequential mediation path EK — EAT — GPI — GPB (3 = 0.131, t = 5.870, p < 0.001) further
illustrates how environmental knowledge indirectly drives behavior through a combination of
attitude and intention.

Additional significant mediation was observed in the paths EK — GPI — GPB ( = 0.064, t =
2.282, p = 0.023) and PAI — GPI — GPB (3 = 0.060, t = 3.101, p = 0.002), suggesting that intention
serves as a key conduit for both environmental knowledge and personal Al interaction to influence
behavior. Moreover, the path EK — PAI — GPI — GPB (3 = 0.017, t = 2.542, p = 0.011) was also
significant, although the effect size was smaller, showing a more nuanced role of PAI in shaping
behavior indirectly. In contrast, the direct mediation path EK — PAI — GPB (3=0.016, t = 1.525, p =
0.127) was not significant, indicating that PAI alone does not translate knowledge into behavior
without the involvement of intention.

Table 7. Mediation analysis results.

Path B T-statistics p-value Supported
EK—»EAT —» GPB 0.242 8.424 0.000 *
EAT—» GPI—» GPB 0.198 6.011 0.000 EE
EK—»EAT —» GPI —» GPB 0,131 5.870 0.000 EE

EK—» GPI —» GPB 0.064 2.282 0.023 *

PAI —» GPI —» GPB 0.060 3.101 0.002 EE
EK—» PAI—» GPI—» GPB 0.017 2.542 0.011 *

EK—» PAI —» GPB 0.016 1.525 0.127 -
EK—»EAT—» GPI 0.294 7.283 0.000 e
EK—» PAI—» GPI 0.038 2.656 0.008 o

Table 7 presents the mediation results with the significance of the path coefficients. Bold black
arrows represent indirect effects significant at p < 0.01, thin black arrows indicate effects significant
at p < 0.05, and red arrows represent non-significant mediation paths. Out of the nine tested
mediation paths, eight were supported, providing strong evidence for the mediating role of both
environmental attitude and green purchasing intention. Overall, these findings highlight that
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intention plays a central mediating role, while environmental attitude strengthens the pathway from
knowledge to behavior.

These mediation findings provide deeper insight into the mechanisms through which
knowledge, attitude, and Al interaction shape pro-environmental purchasing. The results not only
reinforce the theoretical assumptions of the TPB framework but also offer practical guidance for
strategies aimed at promoting sustainable consumer behavior. The following discussion section
elaborates on these theoretical and managerial implications in greater detail.

4.4. Model Predictive Performance

Predictive relevance was assessed using Stone-Geisser’s (Q? obtained via the blindfolding
procedure (Q2 = 1 - SSE/SSO). As reported in Table 8, the model exhibits meaningful predictive
relevance for all endogenous constructs. Specifically, EAT shows Q2=0.228 and GPI shows Q2= 0.220,
both indicating medium predictive relevance, while GPB attains Q2 = 0.337, approaching the large
threshold. By contrast, EK is an exogenous construct; therefore QQ? is not computed (shown as “—“).
These results imply that the measurement—structural specification can reproduce observed data with
acceptable accuracy, especially for predicting green purchasing behavior.

For interpretive clarity, note that SSO denotes the sum of squares of observations and SSE the
sum of squared prediction errors; larger gaps between SSO and SSE yield higher Q?, signaling better
predictive capability. In line with common benchmarks, Q? values greater than zero indicate
predictive relevance, with =0.02, =0.15, and =0.35 often interpreted as small, medium, and large,
respectively. Hence, the current model provides medium predictive relevance for EAT and GPI and
medium-to-high predictive relevance for GPB.

To complement construct-level Q2 we also inspected out-of-sample predictive performance
using PLSpredict at the indicator level. The results show that for most indicators (13 out of 20), the
PLS model outperforms the linear benchmark (LM), yielding higher Q2 predict (or equivalently,
lower prediction errors), which corroborates the model’s practical predictive utility. Collectively,
these findings confirm that the proposed model is not only explanatory (via R?) but also predictively
relevant, especially for GPB—supporting the robustness of subsequent substantive interpretations
and managerial implications.

Table 8. Predictive relevance values results.

Construct SSO SSE Q2 (= 1-SSE/SSO)
EAT 3072.000 2371.118 0.228
EK 2560.000 2560.000 -
GPB 2560.000 1697.354 0.337
GPI 2048.000 1597.190 0.220

Out-of-sample predictive performance was evaluated using PLSpredict by comparing the PLS-
SEM model against a linear benchmark (LM) on three metrics: item-level Q2 predict, RMSE, and
MAE. MAE captures the average absolute prediction error, while RMSE penalizes larger errors more
heavily; thus, consistent reductions in both signal stronger predictive ability [19]. As shown in Table
9, all indicators report positive Q?>_predict values, confirming predictive relevance at the item level.
Moreover, the PLS-SEM model achieves lower errors for the majority of indicators: 13 of 20 items
show lower RMSE than LM and 13 of 20 show lower MAE, yielding 26 of 40 metric-item comparisons
that favor PLS-SEM.

Improvements are broadly distributed across constructs. For example, several GPB and GPI
indicators (e.g., Gbpe2, Gbbgl, Gpcpl, Gpibl, Gpcsl) exhibit lower RMSE and/or MAE under PLS-
SEM, indicating better practical prediction of green purchasing behavior and intention. Some
indicators (e.g., Eassl, Easg3, Eapel) show slightly lower errors under the LM benchmark, suggesting
pockets where variance remains relatively harder to capture; however, these differences are modest
and do not offset the overall advantage of PLS-SEM.
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Taken together with the construct-level Q? results (Table 8), these findings demonstrate that the
proposed model is not only explanatory (via R?) but also predictively useful out of sample—
especially on behavior-related indicators—thereby reinforcing the robustness of the model for
subsequent theoretical interpretation and managerial application.

Table 9. RMSE and MAE Comparison (PLS-SEM vs. LM) for Predictive Performance.

Items PLS SEM LM
Indicator Q2 predict RMSE MAE Q2_predict RMSE MAE
Ears2 0.145 0.614 0.516 0.129 0.619 0.519
Eapel 0.319 0.698 0.530 0.323 0.696 0.528
Easg3 0.169 0.938 0.734 0.186 0.929 0.728
Eassl 0.285 0.793 0.631 0.303 0.783 0.618
Eapil 0.266 0.767 0.596 0.277 0.761 0.600
Eacel 0.173 0.638 0.517 0.160 0.644 0.523
Gbgml 0.128 0.856 0.667 0.124 0.858 0.663
Gbcbl 0.183 0.701 0.549 0.183 0.701 0.552
Gblll 0.128 1.003 0.792 0.138 0.997 0.787
Gbbgl 0.110 0.964 0.756 0.103 0.967 0.764
Gbpe2 0.127 0.892 0.716 0.116 0.897 0.726
Gpisl 0.168 0.724 0.567 0.171 0.723 0.571
Gpesl 0.155 0.791 0.610 0.151 0.792 0.612
Gpcepl 0.070 0.833 0.622 0.065 0.836 0.624
Gpibl 0.132 0.752 0.572 0.121 0.757 0.573
Pata3 0.036 0.962 0.793 0.036 0.962 0.783
Papu3 0.014 0.914 0.728 0.005 0.919 0.732
Paat2 0.024 0.841 0.647 0.034 0.837 0.646
Paiu2 0.032 0.959 0.776 0.025 0.963 0.777
Papml1 0.050 0.852 0.658 0.042 0.856 0.669

4.5. Summary of Findings

The results collectively support the extended TPB framework that integrates technological
engagement (PAI) with psychological antecedents (EK, EAT). The measurement model was sound:
all standardized loadings exceeded 0.50, CR ranged from 0.843 to 0.895, and AVE from 0.520 to 0.631;
HTMT values were < 0.90, establishing discriminant validity. Model fit indices further indicated
adequacy (SRMR = 0.074; NFI = 0.799; Rms Theta = 0.128). Collinearity was not a concern (inner VIFs
= 1.000-1.841). On explanatory power, the structural model accounted for 43.6% of EAT, 37.3% of
GP1I, 55.3% of GPB, and 7.7% of PAL

At the path level, EK strongly predicted EAT (3 = 0.661, p <0.001), and EAT predicted both GPI
(B =0.445, p <0.001) and GPB (3 = 0.366, p < 0.001). GPI also had a sizable effect on GPB (3 = 0.444, p
<0.001), reaffirming intention as the most proximal driver of behavior. EK directly influenced GPI (3
=0.145, p=0.022) and PAI (8 =0.278, p < 0.001), while PAI enhanced GPI ($ =0.136, p = 0.001) but did
not directly affect GPB (= 0.056, p = 0.116). Mediation tests (5,000 bootstraps) showed robust indirect
effects via EAT and GPI—most notably EK — EAT — GPB (8 = 0.242, p < 0.001), EAT — GPI — GPB
(p=0.198, p<0.001), and the sequential EK — EAT — GPI — GPB (=0.131, p <0.001) —underscoring
the centrality of attitude and intention as mechanisms.
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Predictively, construct-level Q? values were positive (EAT = 0.228; GPI = 0.220; GPB = 0.337),
with GPB approaching a “large” benchmark. PLSpredict showed that, at the indicator level, 26 of 40
RMSE/MAE comparisons favored the PLS-SEM model over a linear benchmark, evidencing out-of-
sample utility. Overall, environmental knowledge and attitudes remain foundational, PAI primarily
elevates intention (rather than behavior directly), and intention is the key gateway from cognitions
to action among youth in Java.

5. Discussion

5.1. Interpretation of Key Relationships

The results reinforce the Theory of Planned Behavior (TPB): environmental knowledge (EK)
shapes environmental attitudes (EAT), which in turn elevate green purchasing intention (GPI) and
ultimately green purchasing behavior (GPB) [36]. The strong EK — EAT link suggests that concrete,
actionable knowledge—about labels, lifecycle impacts, and product attributes—helps youth form
favorable evaluations of green options that translate into intentions and behavior. The sizable GPI —
GPB coefficient accords with evidence that intentions are the most proximal antecedent of action,
even while an intention-behavior gap may persist when situational frictions remain (e.g., price
premiums, availability, checkout friction) [37].

Technology-related engagement (PAI) functions primarily as an upstream catalyst of intention
rather than a direct driver of behavior. Personalization likely raises perceived relevance and reduces
search costs—lifting intention—but translation to behavior still hinges on attitudinal alignment and
context. This is consistent with work on the personalization—privacy paradox: overt, transparent data
practices tend to improve responses to personalized content, whereas covert collection can trigger
vulnerability and dampen effectiveness [38,39]. The significant sequential mediations (EK — EAT —
GPI — GPB; PAI — GPI — GPB) in our model therefore indicate that personalization adds value
when it complements knowledge-based attitude formation and clear intentions.

Predictive assessments are aligned with these explanatory results. Construct-level Q? values
(especially for GPB) and PLSpredict comparisons against a linear benchmark indicate meaningful
out-of-sample utility, consistent with current guidance to report both explanatory and predictive
performance in PLS-SEM [40].

5.2. Theoretical Contributions

First, by embedding PAI into an extended TPB, the study bridges psychological and
technological determinants of sustainable consumption. It demonstrates that technology-related
perceptions can be theorized as upstream intention shapers rather than direct behavioral drivers,
clarifying mixed evidence in prior work.

Second, the sequential mediation results articulate a knowledge — attitude — intention pipeline
through which PAI’s influence is amplified, offering a more granular account of how informational
and persuasive cues propagate to behavior. Third, evidence from an emerging-market, youth cohort
advances external validity beyond developed-economy samples that dominate the literature.

Third, by pairing explanatory fit (R?) with predictive checks (Q?, PLSpredict), we contribute to
the view that PLS-SEM models should demonstrate both theoretical adequacy and practical
predictive performance [40].

5.3. Practical and Policy Implications

For platforms and retailers, personalization should be attitude-compatible. Present tailored
green recommendations with brief, credible micro-explanations (why a product is greener, expected
impact, verified labels) so that personalization reinforces EAT while nudging GPI. Ensure data-use
transparency and provide visible privacy controls; experiments show that overt (vs. covert) data
practices improve responses to personalized messages [38]. To bridge the intention-behavior gap,
reduce last-mile frictions by surfacing price-efficiency information (e.g., total cost of ownership,
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durability), highlighting availability, and minimizing checkout steps—moves consistent with
intention-to-behavior evidence [37].

For public policy and ecosystem partners, two levers stand out. First, scale environmental
literacy initiatives that convert knowledge into favorable attitudes—curricula, campus/community
campaigns, and credible ecolabel standards—given the dominant EK — EAT pathway. Second,
deploy choice-architecture tools that make green options easy: defaults (with simple opt-outs),
salience cues, and standardized labels. Meta-analytic evidence indicates that defaults and broader
nudges yield small-to-moderate average effects that can cumulate at population scale [41,42].
Programs should be paired with transparency and autonomy safeguards to avoid undermining trust,
especially in data-driven personalization contexts [39].

5.4. Boundary Conditions and Future Research

The non-significant PAI — GPB path suggests that technology’s direct behavioral impact may
depend on moderators (e.g., price sensitivity, perceived green value, data-handling transparency).
Future work should test these moderators explicitly and compare alternative personalization designs
(overt vs. covert data sourcing; high vs. low explanation). To bolster causal claims and track dynamic
conversion from intention to behavior, combine field experiments/A-B tests with longitudinal
observation, and fuse self-reports with behavioral traces (clickstream, receipts). Extending the sample
beyond students to diverse youth segments—and to different provinces or income tiers—would
enhance external validity and reveal context-specific elasticities in the knowledge — attitude —
intention pipeline.

6. Conclusions

This study investigated the influence of environmental knowledge (EK), environmental attitude
(EAT), and perception of Al-driven personalization (PAI) on green purchasing behavior (GPB)
among youth in Java, Indonesia, with green purchasing intention (GPI) as a mediating variable. By
extending the Theory of Planned Behavior (TPB) to include technological engagement, the findings
highlight that both psychological readiness and favorable perceptions of Al personalization
significantly enhance green purchasing intention and behavior.

The results contribute to the sustainability literature by integrating a technology-driven factor —
PAI—into an established behavioral framework, offering empirical evidence from an emerging
market context where such research is limited. Practically, the study provides actionable guidance
for businesses to design Al-enabled marketing strategies that align with environmental values, and
for policymakers to develop youth-focused sustainability programs that leverage digital tools to
promote eco-friendly consumption.

Despite these contributions, the study has limitations, including its cross-sectional design,
sample restriction to university students, and reliance on self-reported measures. Future research
should explore longitudinal data, expand demographic coverage, and integrate behavioral tracking
to validate reported behaviors.

In conclusion, advancing sustainable consumption among youth requires a dual strategy:
strengthening environmental awareness and attitudes, and employing Al-driven personalization to
effectively convert intention into consistent pro-environmental purchasing behavior.
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Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial Intelligence

PAI Perception of Al-Driven Personalization
EK Environmental Knowledge

EAT Environmental Attitude

GPI Green Purchasing Intention

GPB Green Purchasing Behavior

TPB Theory of Planned Behavior

PLS-SEM Partial Least Squares Structural Equation Modeling
HTMT Heterotrait-Monotrait Ratio

CR Composite Reliability

AVE Average Variance Extracted

CA Cronbach’s Alpha

VIF Variance Inflation Factor

SRMR Standardized Root Mean Square Residual
NFI Normed Fit Index

RMS Theta Root Mean Square Theta

PLSpredict PLS out of sample prediction procedure
LM Linier Model

SSO Sum of Squares of Observations

SSE Sum of Squared Errors

SDGs Sustainable Development Goals
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