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Abstract 

Artificial intelligence (AI) is reshaping digital tourism, where sustainable governance hinges on how 

governments, firms, and users build trust. This study develops a Three-Line Heuristic Framework 

(TLHF)—a nonparametric model describing three trust trajectories: governments gain credibility 

through visible transparency, firms face diminishing returns once efficiency stabilizes, and users 

develop confidence via familiar, low-friction interaction. Using 1,590 survey responses and 35 

interviews, and robustness checks with an expanded 1,840-sample dataset, Kernel Density Estimation 

(KDE), LOESS, and Binary Logit with Average Marginal Effects (AME) reveal nonlinear trust patterns. 

Trust converges within a mid–high Satisficing Equilibrium (SE) band (X≈2, Y≈0.4–0.6), where 

transparency and usability reinforce confidence. The Positive Index significantly increases safe-

platform preference (p < 0.05; AME ≈ +3.2 pp), while privacy concern and AI use lose significance 

once visibility is achieved. TLHF and SE together show that adequacy—not maximization—anchors 

multi-actor trust, promoting balanced, human-centered AI governance aligned with SDGs 8, 12, and 

17.  

Keywords: satisficing equilibrium; trust; AI governance; TLHF; sustainable tourism;  

nonparametric analysis 

 

1. Introduction 

Artificial intelligence (AI) is transforming governance and industry, with tourism among the 

most digitalized sectors. AI systems—spanning forecasting, navigation, and personalization—

improve efficiency and user experience, while GenAI, NLP, and IoT enhance sustainable destination 

management [1–3]. Yet privacy leakage, algorithmic bias, and opaque accountability continue to 

undermine confidence, making trust the foundation of sustainable AI adoption. The coexistence of 

privacy concern and continuous reliance—the privacy paradox—reveals a tension between control 

and dependence [4,5]. 

Sustainable tourism must therefore reconcile innovation and accountability, consistent with 

SDGs 8, 12, and 17, which emphasize decent work, responsible production, and multi-actor 

partnership [35–37]. Existing studies often analyze single stakeholders, leaving unresolved how 

governments, firms, and users co-construct trust within integrated governance systems. 

To address this gap, this study introduces the Three-Line Heuristic Framework (TLHF), which 

identifies three recurring trajectories: 

⚫ Visibility thresholds in government transparency; 

⚫ Efficiency balancing in enterprise operations; 

⚫ Familiarity accumulation among users. 

These trajectories depict bounded-rational satisficing behaviors, where actors seek “good-

enough” rather than optimal outcomes [21,25]. 
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Accordingly, this study asks: (1) How do trust–information-control relations differ across actors? 

(2) Can a unified heuristic capture their nonlinear convergence? (3) Does this convergence reflect a 

Satisficing Equilibrium (SE)? 

Based on 1,590 valid survey responses, 35 semi-structured interviews, and robustness checks 

with an expanded 1,840-case dataset (Appendices D–E), the analysis employs Kernel Density 

Estimation (KDE), LOESS visualization, and Binary Logit with Average Marginal Effects (AME) to 

reveal nonlinear trust patterns and validate the stability of SE. 

Contributions. 

 Conceptual: Reframes multi-actor trust through the satisficing logic of TLHF, emphasizing heuristic 

rather than fitted modeling. 

 Methodological: Combines nonparametric visualization with marginal-effect estimation for pattern 

verification. 

 Practical: Highlights transparency visibility and low-friction usability as foundations for sustainable 

AI governance. 

2. Literature Review 

Artificial intelligence (AI) increasingly underpins smart tourism through forecasting, 

navigation, and personalized recommendation, transforming traveler behavior and destination 

management. GenAI, NLP, and IoT tools enhance efficiency and link digitalization with 

sustainability goals [1–3]. Yet the critical challenge is not performance but trust—the foundation of 

ethical and sustainable AI governance. Data overcollection, algorithmic bias, and opaque 

accountability continue to erode confidence. Existing research typically treats these risks separately, 

seldom explaining how they interact. The privacy paradox—continued data sharing despite stated 

concerns—illustrates asymmetric feedback between control and reliance [4,5]. 

Trust in AI tourism is therefore co-produced among governments, firms, and users rather than 

an individual attitude. Sustainable governance depends on coordinated roles: governments ensure 

transparency, firms balance efficiency and responsibility, and users build confidence through stable, 

low-friction interaction. However, prior studies often isolate user psychology and assume linear trust 

growth, overlooking the interdependence and feedback across institutional layers. 

To address this, the present study integrates all actors into a unified Information-Control-Level–

Trust (ICL–T) framework for cross-actor comparison. Prior findings already indicate nonlinear trust 

trajectories: 

◼ Rapid acceleration once visibility thresholds are crossed (governments) [6]; 

◼ Diminishing returns after operational maturity (firms) [7]; 

◼ Gradual accumulation through repeated usability and familiarity (public) [8,9]. 

These processes form interlinked feedback loops within a governance ecosystem. Recent 

syntheses further show that performance, process, and purpose cues jointly sustain trust [10]. 

Building on this insight, the study advances the Three-Line Heuristic Framework (TLHF)—a 

descriptive, nonparametric lens explaining how diverse trust paths converge into a mid–high 

Satisficing Equilibrium (SE), where adequacy outweighs maximal control. 

Empirically, using 1,590 baseline surveys, 35 interviews, and robustness tests with an expanded 

1,840-sample dataset, the study demonstrates how AI-enabled tourism systems sustain bounded-

rational trust through the coordination of visibility, efficiency, and familiarity across actors. 

3. Research Methods 

3.1. Data Sources and Sample Characteristics 

Design. 

A mixed-method design combined an international online survey and 35 semi-structured 

interviews to analyze AI-enabled tourism governance. The Three-Line Heuristic Framework (TLHF) 
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serves as a nonparametric lens visualizing convergence toward a mid–high Satisficing Equilibrium 

(SE) rather than estimating actor-specific effects. The Information Control Level (ICL) was modeled 

as a formative composite, for which internal-consistency indices (e.g., Cronbach’s α) are non-

diagnostic [38]. Following formative-measurement principles and privacy-calculus logic, visibility 

(Q5), concern (Q6), and accountability (Q7) jointly define information-control thresholds; thus α ≈ 

0.29 is documentary rather than diagnostic [38,39] (see Appendix C.3). 

(1) Survey. 

The online survey (May–September 2025) was administered through Tencent Survey, a major 

data-collection platform operated by Tencent Holdings Ltd. (China). Respondents were required to 

log in via verified QQ, WeChat, or mainland China mobile accounts, ensuring single-entry 

authenticity and preventing duplicate responses. However, this design also limited participation by 

foreign users who lacked such credentials. The survey yielded 1,590 valid responses (84.7 %), and an 

expanded validation round produced N = 1,840 with stable patterns and consistent distributions. 

Little’s MCAR test (χ²  = 12.4, p = 0.26) confirmed random missingness. Indicators were z-

standardized under OECD/JRC guidelines, and bilingual items were harmonized via back-

translation [16–18]. The survey examined how Trust/Usage (Y) varies with ICL (X); Q5 (privacy / 

data-use notice) was dual-coded as “any-seen” (main) and “strict” (robustness) for replication. 

Geographic distribution (expanded dataset, N = 1,840). 

Respondents were concentrated in East and Southeast Asia—China (1,643; ≈ 84 %), Korea (253), 

Germany (21), United States (9), Thailand (7), Malaysia (6), and Japan (4)—with smaller subsamples 

from Canada, India, Egypt, Netherlands, Lebanon, and others (≤ 2 each). This Asia-anchored but 

globally inclusive profile enables cross-regional comparison while acknowledging limited cross-

cultural validation at the national subsample level. Open-ended responses (N ≈  50 from 15 

countries) contextualize privacy sensitivity, authenticity, and trust formation, aligning with TLHF 

phases of visibility, efficiency, and familiarity (Appendix F). 

(2) Interviews. 

Thirty-five semi-structured interviews (15–60 min) involved institutional actors: 24 government 

officials (municipal / provincial tourism bureaus, data regulators) and 11 enterprise or technical staff 

(OTA platforms, smart-destination operators, AI service providers). Coding followed TLHF 

dimensions—transparency thresholds, efficiency–maintenance trade-offs, and user friction—derived 

from survey patterns; ≈ 20 % of transcripts were cross-checked for inter-coder reliability. Officials 

highlighted regulatory visibility and fiscal limits; firms emphasized maintenance stability; 

practitioners stressed usability and safety. These findings qualitatively validate TLHF’s three 

trajectories without substituting statistical inference [14,19]. 

Design rationale. 

The qualitative strand traces institutional mechanisms (visibility, capacity, maintenance), while 

the survey captures user-side privacy and confidence. This two-track triangulation—mechanism 

tracing vs. distributional validation—supports the applicability of TLHF and SE across contexts 

(Appendix F). 

(3) Key Variables. 

◼ Formative composite from Q5–Q7 (z-standardized; α ≈ 0.29, documentary not diagnostic) [38,39]. 

◼ Trust / Usage (Y): From Q3–Q4 — usage count (0–5) and mean positive experience (efficiency, 

usability, personalization, labor saving), both normalized to [0, 1]. 

Respondents were mainly aged 18–29 (54 %) and traveled 1–2 times per year (55 %). Use rates 

were highest for voice navigation (57 %), AI customer service (52 %), and recommendation systems 

(50 %). About 72 % reported efficiency / usability gains; privacy sensitivity varied—consistent with 

bounded-rational satisficing. Nonlinearity was visualized via KDE / LOESS, and Logit + AME 
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estimated marginal effects. Robustness on the expanded dataset (N = 1,840) confirmed stability 

(Appendix D). 

Table 1. Descriptive Statistics of the Survey Sample (N = 1,590). 

Variable Obs. Categories/Range Top Category (%) Mean Std. Dev. 

Age group 1,590 4 18–29 (53.7%) — — 

Travel frequency 1,590 3 1–2 (55.1%) — — 

AI customer service 1,590 Binary Used/Agree 0.52 0.50 

Voice navigation 1,590 Binary Used/Agree 0.57 0.49 

Personalized recommendation 1,590 Binary Used/Agree 0.50 0.50 

VR/AR features 1,590 Binary Used/Agree 0.22 0.42 

AI translator 1,590 Binary Used/Agree 0.23 0.42 

Perceived efficiency gain 1,590 Binary Agree 0.72 0.45 

Ease of use 1,590 Binary Agree 0.72 0.45 

Personalization helpful 1,590 Binary Agree 0.50 0.50 

Labor-cost reduction 1,590 Binary Agree 0.44 0.50 

No obvious improvement 1,590 Binary — 0.04 0.19 

Note. Means for binary variables represent proportions coded 1. Variable definitions correspond to survey items 

(Q3–Q8). Robustness and dual-coding tests appear in Appendix E. 

Two-Track Strategy and Ethics. 

A continuous Trust / Usage score (Q3–Q4) supports KDE / LOESS, while binary Q8 informs 

Logit-AME probability changes. All procedures were anonymous and voluntary with electronic 

consent; no personally identifiable data were collected. Ethics approval was waived under 

institutional minimal-risk guidelines for anonymous, non-interventional social research. 

3.2. Analytical Methods and Models 

This study integrates descriptive statistics, nonparametric visualization, and a Binary Logit 

model with Average Marginal Effects (AME) to examine how the Information Control Level (ICL) 

shapes Trust/Usage (Y) and whether these relations converge toward a Satisficing Equilibrium (SE). 

Analyses were conducted in Python 3.11 (statsmodels, matplotlib, numpy), and replication scripts 

are archived in Appendices B and D. Nonparametric Visualization. Kernel Density Estimation (KDE) 

and locally weighted regression (LOESS) were applied to reveal nonlinear associations without 

functional assumptions [11–13]. Results show a modal cluster near X ≈ 2 and Y ≈ 0.5, indicating that 

users who noticed privacy disclosures (~70%) and experienced low friction (≤ 2/5) tend to “satisfice” 

once transparency and usability reach visible adequacy. 

Within the Three-Line Heuristic Framework (TLHF), governments accelerate trust once 

transparency becomes visible, firms face diminishing returns as efficiency stabilizes, and users build 

confidence through familiar, low-friction interaction—together forming a bounded-rational 

convergence zone rather than an optimal equilibrium. 
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Figure 1. Coupling Mechanism of TLHF with SE Band. 

Note. The shaded area (X ≈ 2, Y ≈ 0.4–0.6) denotes the SE band where transparency and usability jointly sustain 

trust; trajectories represent visibility (government), efficiency (enterprise), and familiarity (public). 

Binary Logit and Marginal Effects. The Positive Index shows a significant positive effect (p < 

0.05; AME ≈ +3.2 pp), while AI Use and Privacy Concern are insignificant; Never-Used-AI is weakly 

negative (p ≈ 0.11). Model diagnostics confirm acceptable fit (AIC = 1,847.3; pseudo-R² = 0.18; AUC = 

0.68), supporting bounded-rational variation. 

Table 2. Baseline Binary Logit Model with Coefficients and Average Marginal Effects (AME). 

Variable 
Coefficient 

(β) 

Std.  

Error 

p- 

value 

AME (Δ 

Probability) 
Interpretation 

Positive Index 0.124 0.053 0.020 +0.032 
Significant positive effect: higher positive experience 

increases probability of safe/ethical platform choice. 

AI Use Index  

(0–5) 
−0.049 0.052 0.344 −0.019 

Non-significant: additional AI functions do not linearly 

enhance trust. 

Privacy 

 Concern (0–3) 
0.071 0.062 0.249 +0.007 

Weak, non-significant effect; concern alone does not 

reduce adoption. 

Never-Used-AI 

(dummy) 
−0.301 0.191 0.115 −0.091 

Marginally negative; long-term non-users show lower 

willingness to engage. 

Constant −0.456 0.184 0.013 — Baseline probability for neutral users. 

Note. Dependent variable = 1 (“safe/ethical platform choice”). Diagnostics: AIC = 1,847.3; pseudo-R² = 0.18; AUC 

= 0.68. See Appendix D for details. 

Heuristic Summary. 

Empirical patterns align with three expectations: 

(1) Transparency acceleration—trust rises once visible openness crosses a threshold; 

(2) Efficiency plateau—returns diminish as technical systems mature; 

(3) Familiarity accumulation—trust deepens through repeated, low-friction interaction. 

Density contours across Figures E1–E3 cluster around ICL ≈ 0.7–1.0 and Positive Index ≈ 0.8–0.9, 

confirming the SE band (X ≈ 2, Y ≈ 0.4–0.6) as a stable descriptive zone where further complexity adds 

little trust gain. 

Summary. 

Nonparametric and regression results jointly indicate a mid-high satisficing zone dominated by 

transparency and usability rather than technical sophistication—consistent with TLHF’s rise → 

threshold → plateau trajectory [11–13,15,23,24]. 
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4. Results 

4.1. Survey Patterns and Distributional Features 

The survey reveals a persistent concern–action gap: only 39.1% read privacy notices, yet ≈70% 

expressed medium–high privacy concern, ≈90% demanded accountability, and 86.4% preferred well-

rated platforms. This asymmetry illustrates the privacy paradox—valuing protection in principle 

while continuing data sharing when perceived risks are manageable [4,5]. 

Nonparametric visualizations (Figures 2–3) exhibit three consistent features: (i) low trust at low 

ICL, (ii) a sharp rise once transparency becomes visible, and (iii) a plateau at higher ICL—a satisficing 

rather than linear trajectory [11–13,20,22]. The 3-D KDE surface centers near X ≈ 2, Y ≈ 0.4–0.6, 

indicating a mid–high Satisficing Equilibrium (SE) band where users perceive visible safety cues 

(~70%) and low interaction friction (≤ 2/5). 

Regression results are consistent: after visibility thresholds are crossed, Privacy Concern loses 

predictive power, whereas the Positive Index remains the dominant driver of safe-platform 

preference (p < 0.05; AME ≈ +3.2 pp). Usability and efficiency thus sustain equilibrium trust more 

effectively than abstract caution. 

Robustness checks using stricter Q5 recoding and the expanded dataset (N = 1,840) reproduce 

the rise → threshold → plateau pattern. Overlay tests (Appendix E, Figure E13) recover the same SE 

band, confirming that the pattern reflects stable behavior rather than a smoothing artifact. 

Cross-national open responses (N ≈ 50 from 15 countries) further corroborate these distributions 

(Appendix F, Tables F1–F4): respondents in developed economies (e.g., Germany, Korea) 

emphasized transparency and advertising fatigue; emerging contexts (e.g., Thailand, India, Malaysia) 

highlighted affordability and usability; and post-conflict regions (e.g., Lebanon) showed cautious 

satisficing under infrastructural limits. Together, these narratives reinforce SE as a bounded-rational 

adequacy pattern across diverse institutional and cultural settings. 

 

Figure 2. 2-D Distribution (KDE + LOESS) of Trust Formation.(left). 

Figure 3. 3-D Kernel Surface Highlighting the Mid–High Satisficing Equilibrium (SE) Band.(right). Note. Figures 

2–3 jointly depict 2-D KDE/LOESS and the 3-D surface of trust; once transparency is visible (X≈2), trust stabilizes 

near Y≈0.5 (SE band). Visuals are descriptive/heuristic; robustness across bandwidths/samples in Appendix E. 

4.2. Integrated Findings (Mechanism–Data Alignment) 

This section aligns the Three-Line Heuristic Framework (TLHF) with observed trust 

distributions and platform-choice intentions (Q8), integrating quantitative and qualitative evidence. 

① Choice Intention and Acceptance. Using Q8 (1 = Yes, 0 otherwise) as the dependent variable, 

Binary Logit with AME yields consistent effects across datasets. The Positive Index has a significant 

positive impact (p < 0.05; AME ≈ +3.2 pp), confirming that visible usability and efficiency increase 
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safe-platform preference. The AI Use Index and Privacy Concern become non-significant once 

transparency is visible, while Never-Used-AI is weakly negative—indicating lower readiness among 

non-users. Results remain robust in the expanded dataset (N = 1,840) and statistically equivalent 

under TOST replication tests (Appendix D3–D4). 

② Mechanism–Data Alignment. KDE and LOESS consistently show low trust at minimal ICL, 

sharp gains with visible transparency, and a plateau near X ≈ 2, Y ≈ 0.4–0.6—the mid-high SE band. 

Interpreted via TLHF, governments trigger threshold acceleration, firms face diminishing returns 

once efficiency stabilizes, and users build confidence through repeated low-friction interaction. 

Robustness tests—including alternative Q5 codings, ±25% bandwidth shifts, and cross-sample 

replication—reproduce this SE band (Appendices D3–D5; E1–E12). Qualitative interviews (A1–A35) 

and cross-national open responses (Appendix F, Tables F1–F4) corroborate these trajectories, linking 

transparency thresholds, maintenance-centric efficiency, and familiarity-based stabilization. 

③ Robustness Visualization. Across Figures 4–5, KDE and LOESS robustness tests exhibit 

stable peaks around X ≈ 2 and Y ≈ 0.5, confirming that the SE zone is both empirically reproducible 

and conceptually coherent—not a visualization artifact. Appendix E retains Figure E13 as a 

consolidated overlay for clarity. 

 

Figure 4. 2-D Kernel Density Estimation (KDE) Robustness Across Bandwidths and Samples. 

Note. Rows represent datasets (top = baseline N = 1,590; 

bottom = expanded N = 1,840), and columns show bandwidths 

(−25%, baseline, +25%). Consistent density peaks near X ≈ 2 and 

Y ≈ 0.5 verify reproducibility of the SE band under different 

smoothing levels. 
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Figure 5. 3-D LOESS Surface Robustness Across Bandwidths and Samples. Note. 4. LOESS surfaces display 

persistent ridges near X ≈ 2 and Y ≈ 0.5, indicating stable satisficing behavior across bandwidths and samples. 

Contours mirror TLHF’s rise–threshold–plateau logic. 

Synthesis. 

Across all analyses, transparency and usability consistently anchor trust, while additional 

complexity yields diminishing returns. This bounded-rational trajectory—early rise, threshold 

acceleration, and plateau—is reproduced across quantitative and qualitative evidence (Appendix 

E13; Appendix F), demonstrating the integrative validity of TLHF and the stability of the SE band.  

 

Figure 6. Integrated Analytical Workflow for TLHF and Satisficing Equilibrium (SE) Detection. 
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Note. The workflow links data collection (survey + interviews) with nonparametric visualization 

(KDE + LOESS), inference (Logit + TOST), and SDG-oriented interpretation (SDGs 8, 12, 17), 

summarizing the analytical pipeline connecting Sections 3.1–3.2 with Figures 2–5. 

5. Discussion 

5.1. Theoretical and Empirical Integration 

Findings show that trust and usage stabilize within a mid–high Satisficing Equilibrium (SE) 

band rather than increasing indefinitely with Information Control Level (ICL). Users pursue “good-

enough” adequacy between efficiency, safety, and effort—reflecting bounded rationality rather than 

contradiction. Even under privacy concerns, once compliance cues become visibly sufficient, 

adoption continues, illustrating a bounded-rational privacy paradox. Beyond this threshold, further 

regulation or feature expansion yields only marginal gains, forming the plateau typical of satisficing 

behavior. 

Within the Three-Line Heuristic Framework (TLHF), three adaptive trajectories explain this 

dynamic: 

⚫ Governments experience accelerated trust once transparency becomes visible; 

⚫ Firms face diminishing returns after operational stability is achieved; 

⚫ Users consolidate confidence through habitual, low-friction interaction. 

Interview evidence from southeastern China (A1–A35) and extended international responses 

(Appendix F) reinforce this mechanism: transparency precedes expansion, maintenance outweighs 

escalation, and usability sustains continuity. Robustness tests confirm these findings: TOST 

equivalence analyses show that over 80 % of key coefficients remain stable within ±2 percentage 

points across samples (N = 1,590 and 1,840; Appendix D4), and KDE overlay visualizations (Figure 

E13) display nearly identical density contours—verifying that the mid-high SE band is replicable 

rather than sample-dependent.  

Together, these interactions define SE as a behavioral stability corridor integrating policy, 

enterprise, and public feedback within one ICL–Trust plane. SE therefore captures adaptive efficiency 

consistent with SDGs 8, 12, and 17 [6,21,25,35–37]. 

Theoretical Contributions. 

This study reframes satisficing as a multi-actor equilibrium rather than a psychological 

compromise. It contributes by (1) unifying government, firm, and public trust logics under a 

descriptive heuristic; (2) demonstrating nonparametric identification of nonlinear convergence 

without causal assumptions; and (3) empirically grounding TLHF through 1,590 valid surveys and 

35 institutional interviews. These results extend bounded-rationality theory toward sustainability-

oriented digital governance, emphasizing visibility, adequacy, and restraint as durable foundations 

of confidence. 

5.2. Practical Implications 

Empirical evidence clarifies that the concern–action gap stems from rational satisficing rather 

than inconsistency. Once transparency and usability are visible, users rely on low-effort cues—

ratings, certifications, predictable interfaces—over dense privacy statements whose cognitive cost 

exceeds perceived benefit. Consequently, Privacy Concern loses predictive power, while the Positive 

Index remains the strongest determinant of safe-platform preference (AME ≈ +3.2 pp; p < 0.05). 

Governance should therefore make trust visible through standardized disclosure, interoperable 

oversight, and transparent breach reporting—transferring assurance from user cognition to 

institutional signaling. TLHF and SE together show that visible sufficiency and usability sustain 

confidence more effectively than over-regulation or technical sophistication. Sustainable trust arises 

when institutional thresholds match user expectations, aligning with SDGs 8, 12, and 17 [35–37].  

Across actors, a shared satisficing logic prevails: 

⚫ Governments maintain credibility through phased, auditable rollouts; 
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⚫ Firms sustain reliability via privacy-by-design and consistent maintenance; 

⚫ Users respond to stable, predictable experience rather than abstract guarantees. 

Cross-national evidence further supports this pattern. Participants from developed economies 

(e.g., Germany, Korea) emphasized data-use visibility and advertising fatigue, while respondents 

from emerging contexts (e.g., Thailand, India, Malaysia) valued affordability and usability over 

perfection. Participants from regions with infrastructural fragility (e.g., Lebanon) stressed that visible 

reliability fosters trust even amid disruption. 

In practice, visible adequacy—not maximal control—balances efficiency, cost, and confidence. 

Policymakers can operationalize SE as a monitoring dashboard linking transparency thresholds, 

usability friction, and trust stability, thus preventing governance fatigue and maintaining 

equilibrium in AI-enabled tourism ecosystems. 

6. Conclusion 

6.1. Sustainable Implications (SDGs 8, 12, and 17) 

The Satisficing Equilibrium (SE) framework shows how bounded rationality and visible 

adequacy sustain digital transformation across institutional and cultural settings. Once transparency 

and usability become visible, trust stabilizes—anchored in clarity rather than compliance. SE thus 

maintains governance within a resilient corridor where adequacy outweighs optimization. 

Cross-national evidence—from China, Korea, Germany, India, Malaysia, and other contexts—

confirms that satisficing behavior emerges universally once safety cues and predictable interaction 

are visible. This extends the Three-Line Heuristic Framework (TLHF) from national to global 

governance, linking user confidence with institutional coordination. 

SE aligns directly with the United Nations Sustainable Development Goals (SDGs): 

➢ SDG 8 (Decent Work and Inclusive Growth): Gradual, auditable AI deployment supports 

inclusive employment by shifting human roles toward oversight and ethical supervision. 

➢ SDG 12 (Responsible Consumption and Production): Satisficing discourages redundant 

upgrades and excessive data extraction; privacy-by-design and usability-focused systems reduce 

digital and cognitive waste. 

➢ SDG 17 (Partnerships for the Goals): Multi-actor trust partnerships—via transparency 

signals, efficiency thresholds, and familiarity feedback—turn digital ecosystems into adaptive co-

governance networks. 

Together these dimensions position SE as a diagnostic lens for sustainable digital trust, 

emphasizing moderation, clarity, and accountability. 

6.2. Summary and Outlook 

SE and TLHF jointly redefine sustainable AI governance as moderation in action—trust that 

stabilizes through adequacy, not excess. Transparency, usability, and restraint form the durable 

foundation of multi-actor confidence, aligning bounded rationality with systemic resilience. 

Embedding SE metrics—transparency thresholds, usability indicators, and trust-stability indices—

into policy dashboards enables early detection of governance fatigue and guides adaptive regulation. 

Limitations and Future Directions. 

Although the survey covered participants from 15 countries and regions, the dataset remains 

Asia-anchored, with China contributing about 84% of responses and smaller subsamples from Korea, 

Germany, and other countries. This composition primarily reflects the survey’s data-collection 

infrastructure: the questionnaire was distributed via Tencent Survey, which requires QQ, WeChat, 

or mainland China mobile authentication. This design ensured single-response validity and data 

authenticity but also limited participation by international users who lacked such credentials. 

Consequently, cross-cultural validation is exploratory rather than representative. 

Open-ended responses (N ≈ 50) provide qualitative triangulation across developed, emerging, 

and conflict-affected contexts, yet broader sampling—from Western, Latin American, and African 
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participants—is required to test TLHF and SE under diverse institutional and cultural conditions 

(e.g., Hofstede’s uncertainty avoidance or power distance). Future studies should employ globally 

accessible survey systems to improve representativeness and inclusiveness, and pursue longitudinal 

tracking to capture how satisficing behavior evolves as governance systems mature. 

Ultimately, satisficing offers a human-centered equilibrium between technological performance 

and ethical accountability—advancing SDGs 8, 12, and 17 through sustainable, coordinated digital 

transformation. 
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