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 Modern recommendation and advertising systems increasingly rely on 

complex artificial intelligence (AI) models whose opaque decision-making 

processes limit user understanding and trust. While explainable artificial 

intelligence (XAI) techniques aim to improve transparency, excessive 

disclosure can increase privacy concerns and psychological discomfort. This 

study addresses the lack of structured approaches for regulating transparency 

in user-facing AI systems. We propose the optimal transparency and 

psychological safety (OTPS) framework, which regulates explanation depth, 

timing, and user control to balance interpretability with psychological safety. 

The framework is implemented through a modular architecture consisting of 

an explanation generation module, transparency controller, and user 

interface layer. A user survey involving 35 participants was conducted to 

evaluate perceptions of transparency, trust, and psychological comfort. 

Statistical analysis, including reliability testing and response distribution 

evaluation, indicates strong user preference for adaptive transparency 

mechanisms. The results demonstrate that regulated transparency improves 

user trust and usability without introducing significant system overhead, 

providing practical design guidance for explainable AI systems in 

recommendation and advertising platforms. 
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1. INTRODUCTION 

Modern recommendation and advertising systems increasingly rely on artificial intelligence (AI) 

models to personalize content, rank options, and influence user decisions. Although these systems improve 

relevance and efficiency, their decision-making processes are often opaque, making it difficult for users to 

understand why a particular recommendation, advertisement, or decision output is presented. Explainable 

artificial intelligence (XAI) has therefore become an important approach for improving interpretability, 

supporting user understanding, and strengthening appropriate trust in AI-driven systems [1]–[3]. 

However, transparency in AI systems is not always beneficial when it is delivered without control or 

context. Excessive explanation detail may increase cognitive load, expose sensitive behavioral patterns, and 

create privacy-related anxiety or perceptions of surveillance. Prior studies show that explainability does not 

automatically improve trust, especially when users receive overly detailed, poorly timed, or emotionally 

uncomfortable explanations [4]–[6]. In user-facing systems such as recommendation and advertising 

https://creativecommons.org/licenses/by-sa/4.0/
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platforms, this creates a critical design challenge: explanations must provide enough information to support 

understanding and trust, but not so much detail that users feel uncomfortable, monitored, or overwhelmed. 

Existing XAI research has contributed valuable methods for interpretability, trust calibration, and 

user-centered explanation design [1]–[6]. However, many approaches still focus on generating explanations 

rather than regulating how explanations should be delivered to users. In particular, there remains a lack of 

structured guidance on how to control explanation depth, explanation timing, abstraction level, and user 

control while also considering psychological safety. This gap is especially important in recommendation and 

advertising systems, where explanations may indirectly reveal personal preferences, behavioral data, or 

inferred user characteristics. 

To address this gap, this study proposes the optimal transparency and psychological safety (OTPS) 

framework. The framework introduces a transparency regulation layer that manages explanation depth, 

timing, abstraction, and user control in AI-based recommendation and advertising systems. Instead of 

maximizing transparency, OTPS aims to identify an appropriate transparency boundary that supports 

interpretability, trust calibration, usability, and psychological comfort. 

The main contributions of this study are as follows: 

- It proposes the OTPS framework for regulating transparency in user-facing explainable AI systems. 

- It presents a modular architecture consisting of an explanation generation module, transparency 

controller, and user interaction interface. 

- It reports user-centered survey findings from 35 participants to identify requirements related to 

transparency, trust, psychological safety, and long-term usability. 

By combining system-level design with user-centered requirements elicitation, this study provides 

practical guidance for developing explainable AI interfaces that are transparent, usable, and psychologically 

safe. The remainder of this paper is organized as follows. Section 2 reviews related work on XAI, trust 

calibration, and psychological safety. Section 3 presents the research problem. Section 4 introduces the 

proposed OTPS framework. Section 5 reports the user assessment and requirements elicitation results. Section 6 

discusses the findings, and Section 7 concludes the paper with limitations and future research directions. 

 

 

2. RELATED WORK 

XAI has become an important research area for improving the interpretability, transparency, and 

usability of AI-driven systems. Prior studies have examined XAI from both technical and human-centered 

perspectives. Yang et al. [1] reviewed major XAI approaches and highlighted the continuing challenge of 

balancing interpretability with model complexity. Viser et al. [2] examined the relationship between 

explainability, trust, distrust, and appropriate reliance, showing that explanations do not automatically 

produce better trust outcomes. Naveed et al. [3] emphasized the need for user-centered evaluation methods in 

XAI, while Haque et al. [4] synthesized user-perspective research and identified future directions for 

explainable AI. Ali et al. [5] further discussed the broader requirements of trustworthy AI, including 

transparency, reliability, and responsible system behavior. Together, these studies show that explainability 

must go beyond technical model interpretation and should also support user understanding, usability, and 

appropriate reliance. 

A second major direction in the literature focuses on trust calibration, affective design, adaptive 

explanations, and interactive XAI. Naiseh et al. [6] proposed the Calibrated-XAI framework to support 

appropriate trust and reduce both over-trust and under-trust. Bernardo and Seva [7] highlighted the 

importance of affective and emotional factors in user-centered XAI design. Suffian et al. [8] showed that user 

feedback can improve the effectiveness of counterfactual explanations, while Nimmo et al. [9] questioned 

excessive personalization and suggested that only selected user characteristics may meaningfully influence 

explanation effectiveness. Kaplan et al. [10] proposed a user-centric framework for explainable AI across the 

system lifecycle. Other studies have expanded XAI into applied domains such as recommendation fairness, 

explanation timing, social media transparency, requirements prioritization, and AI-generated advertising.  

Ge et al. [11] examined explainable fairness in recommendation systems, Chen et al. [12] showed that 

explanation timing affects user perceptions and trust, West et al. [13] found that algorithmic transparency can 

create discomfort in social media systems, Bai et al. [14] applied XAI to user requirement prioritization, and 

Jung et al. [15] highlighted the role of trust, perceived humanness, and anxiety in AI-generated advertising. 

More recent and foundational studies further show that explanations must be selective, contextual, 

and aligned with human expectations. Miller [16] argued that explanations should be grounded in social 

science and should avoid exhaustive technical disclosure. Doshi-Velez and Kim [17] emphasized the need for 

a rigorous science of interpretability based on human understanding and decision-making outcomes. Abdul  

et al. [18] identified the shift toward human-centered explainable systems and highlighted issues such as 

cognitive overload and mismatched explanation timing. Ehsan et al. [19] introduced reflective XAI, 
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emphasizing interactive and feedback-driven explanation processes. Liao and Wortman [20] discussed the 

practical implementation of AI transparency in real-world systems, while Rader et al. [21] showed that users’ 

mental models of algorithmic systems often remain incomplete even when explanations are provided. 

Bussone et al. [22] demonstrated that explanations influence trust and reliance in decision-support systems, 

but excessive explanation can reduce usability. Wang et al. [23] examined psychological impacts such as 

anxiety and perceived surveillance. Antorán et al. [24] argued that explanations should align with user goals 

rather than only system internals, and Zhang et al. [25] showed that high-fidelity explanations may increase 

cognitive load without necessarily improving trust. 

Overall, the literature shows that XAI research has made strong progress in interpretability, trust 

calibration, user-centered evaluation, feedback-based explanation, and applied transparency. However, existing 

studies still lack a unified system-level framework that regulates explanation depth, explanation timing, 

abstraction level, user control, and psychological safety together. This gap is especially important in 

recommendation and advertising systems, where explanations may indirectly reveal user preferences, behavioral 

patterns, or inferred personal characteristics. The proposed OTPS framework addresses this gap by introducing 

a transparency regulation layer that balances interpretability, trust calibration, usability, privacy awareness, and 

psychological comfort in user-facing AI systems. Table 1 shows synthesized comparison of existing XAI 

literature and OTPS contribution. 

 
 

Table 1. Synthesized comparison of existing XAI literature and OTPS contribution 
Literature theme Main contribution Remaining gap addressed by OTPS 

General XAI and interpretability 
[1], [5], [16], [17] 

Explain AI behavior and improve 
interpretability 

Limited focus on psychological safety and 
regulated transparency 

User-centered XAI evaluation [3], 

[4], [18], [20], [21] 

Identify user needs, evaluation methods, 

and human-centered design issues 

Does not fully define a system-level 

transparency control mechanism 
Trust calibration and affective 

design [2], [6], [7], [22], [25] 

Support appropriate reliance and 

consider emotional/cognitive trust 

factors 

Limited integration of timing, user control, 

and privacy-aware disclosure 

Interactive and adaptive 

explanations [8]–[10], [19], [24] 

Use feedback, personalization, 

counterfactuals, and goal-oriented 

explanations 

Needs clearer boundaries for explanation 

depth and disclosure level 

Fairness, timing, and applied XAI 

contexts [11], [12], [14] 

Show importance of fairness, timing, 

and requirements-driven explanation 

design 

Requires integration into a unified adaptive 

transparency framework 

Privacy, anxiety, and surveillance 

perception [13], [15], [23] 

Show that excessive transparency can 

create discomfort and privacy anxiety 

OTPS directly incorporates psychological 

safety and abstract disclosure 

 
 

3. PROBLEM DEFINITION 

Current explainable AI approaches often assume that increasing transparency will automatically 

improve user understanding, trust, and acceptance. However, this assumption is limited in user-facing 

recommendation and advertising systems, where explanations may expose personal preferences, behavioral 

patterns, or inferred user characteristics. Prior research shows that explainability does not always improve 

appropriate reliance, especially when explanations are overly detailed, poorly contextualized, or difficult for 

users to interpret [2], [6]. In such cases, static or unrestricted explanation delivery may increase cognitive 

load, privacy concerns, and perceptions of surveillance rather than improving trust [13], [15]. 

The main problem addressed in this study is the lack of a structured framework for regulating 

transparency in explainable AI systems. Existing approaches provide useful explanation methods and trust-

calibration strategies, but they do not sufficiently define how much explanation should be shown, when it 

should appear, what level of abstraction should be used, or how users should control disclosure [3]–[6]. 

Therefore, user-facing AI systems require a regulated transparency mechanism that balances explanation 

depth, explanation timing, user control, and psychological safety. This study addresses this problem through 

the proposed OTPS framework, which aims to support interpretability while reducing privacy-related 

anxiety, cognitive overload, and discomfort. 

 
 

4. THE PROPOSED SOLUTION 

To address the limitations of unrestricted transparency in explainable AI systems, this study 

proposes the OTPS framework. The framework shifts the design objective from maximizing transparency to 

regulating transparency in a way that supports user understanding, appropriate trust, usability, and 

psychological comfort. OTPS introduces a transparency regulation layer between the AI system and the user 

interface. This layer controls how much explanation is shown, when it is presented, how abstract or detailed 

it should be, and how much control users have over explanation disclosure. 
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Figure 1 presents the overall workflow of the OTPS framework. It shows how the AI-based system 

output passes through a transparency regulation layer before being presented to the user. This layer manages 

explanation depth, timing, abstraction, and user control to balance interpretability with psychological safety. 

The OTPS framework is organized around four core goals. These goals define the main design dimensions 

required for regulated transparency in AI-based recommendation and advertising systems. Table 2 presents 

core goals and design mechanisms of the OTPS framework. 

 
 

 
 

Figure 1. Workflow architecture of the proposed OTPS framework 

 

 

Table 2. Core goals and design mechanisms of the OTPS framework 
OTPS goal Purpose Design mechanism 

Goal 1. Transparency level 

and timing 

Avoid cognitive overload and 

unnecessary disclosure 

Gradual explanation levels, contextual explanation 

delivery, pre/post explanation timing 

Goal 2. User control and 
psychological safety 

Reduce privacy anxiety and surveillance 
perception 

Abstract disclosure, opt-in/opt-out controls, user-
adjustable explanation visibility 

Goal 3. Trust calibration Prevent over-trust and under-trust in AI 

decisions 

Confidence indicators, adaptive explanations, 

uncertainty communication 
Goal 4. Long-term usability Maintain usefulness during repeated 

interactions 

Minimal intrusion, repeated-use evaluation, 

sustainable explanation delivery 

 

 

The first goal regulates explanation depth and timing. Instead of presenting full technical 

explanations by default, the system provides explanations progressively according to user needs and 

interaction context. Basic explanations can be shown first, while more detailed explanations remain available 

when users request additional information. This reduces cognitive load and prevents users from being 

overwhelmed by unnecessary technical details. The second goal focuses on user control and psychological 

safety. Users should be able to manage how explanations are displayed and how much personal information 

is reflected in them. The framework therefore emphasizes abstract disclosure, where explanations describe 

general reasoning patterns rather than exposing sensitive personal behavior directly. This helps reduce 

privacy-related anxiety and the feeling of being constantly monitored. The third goal supports appropriate 
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trust calibration. The system should help users understand the confidence and limitations of AI 

recommendations instead of encouraging blind trust or complete distrust. This can be achieved through 

confidence indicators, short explanation summaries, expandable reasoning panels, and adaptive explanations 

that clarify why a recommendation or advertisement was generated. The fourth goal addresses long-term 

usability. Explanation mechanisms should remain useful and non-intrusive during repeated use. If 

explanations are too frequent, too detailed, or poorly timed, users may experience explanation fatigue. 

Therefore, OTPS encourages sustainable transparency design that remains clear, lightweight, and adaptable 

over time. 

 

4.1.  Practical implementation of the OTPS framework 

The OTPS framework can be implemented as a modular architecture consisting of four main 

components: the AI Recommendation Engine, Explanation Generation Module, Transparency Controller, and 

User Interaction Interface. The AI Recommendation Engine generates the recommendation, advertisement, or 

decision output using the underlying AI model. The Explanation Generation Module produces interpretable 

explanations using suitable XAI methods such as SHAP, LIME, feature attribution, or counterfactual 

explanations. The Transparency Controller, which represents the OTPS layer, regulates explanation depth, 

timing, abstraction level, and user control based on user preferences, system context, and transparency 

requirements. Finally, the User Interaction Interface presents explanations through expandable explanation 

panels, confidence indicators, transparency settings, and feedback options. 

Figure 2 illustrates the system-level implementation of OTPS. The AI recommendation engine 

produces the output, the explanation generation module prepares explanation content, and the OTPS 

transparency controller determines whether the explanation should be shown immediately, delayed, 

summarized, expanded, abstracted, or controlled by the user. The user interface then presents the explanation 

in a clear and psychologically safe manner. This design allows OTPS to be integrated into existing 

recommendation and advertising systems without requiring major changes to the underlying AI model. The 

framework can operate as a middleware or interface-level transparency management layer. By separating 

explanation generation from explanation regulation, OTPS supports practical implementation while 

maintaining flexibility across different AI platforms and application domains. 
 

 

 
 

Figure 2. Practical interface implementation of the OTPS framework for AI recommendation systems 

 

 

4.2.  Technical evaluation of the OTPS framework 

The OTPS framework is technically feasible because it can be implemented as an intermediate 

transparency layer between the AI recommendation engine and the user interface. The underlying AI model 

remains responsible for generating recommendations, while the explanation generation module produces 

interpretable explanation content using existing XAI techniques such as SHAP, LIME, feature attribution, or 

counterfactual explanations. The OTPS transparency controller then regulates the level of explanation detail, 

timing of disclosure, abstraction level, and user control before the explanation is displayed to the user. 

The main computational cost of OTPS comes from the explanation generation module, especially 

when feature-attribution methods are used. If (m) represents the number of model predictions requiring 
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explanation and (n) represents the number of input features, the approximate computational complexity can 

be expressed in (1): 

 

O (m × n) (1) 

 

However, the OTPS transparency controller introduces negligible overhead because it mainly 

performs rule-based or preference-based selection of explanation depth, timing, and disclosure level. In 

addition, OTPS reduces unnecessary computation through adaptive triggering, where explanations are 

generated only when requested by the user or when required by the interaction context. This avoids 

continuous explanation generation and helps maintain efficient system performance. Table 3 illustrates 

performance impact of the OTPS components. 

Overall, OTPS can be integrated into existing AI recommendation and advertising systems without 

major changes to the underlying model architecture. Since the framework separates explanation generation 

from transparency regulation, it can operate as a middleware or interface-level control layer. This makes 

OTPS practical for real-time and large-scale AI systems where transparency must be provided without 

creating excessive latency, cognitive overload, or system performance degradation. 

  

 

Table 3. Performance impact of the OTPS components 
Component Performance impact 

AI prediction No additional overhead 
Explanation generation Moderate cost depending on SHAP, LIME, or selected XAI method 

OTPS transparency controller Negligible overhead 

User interface rendering Minimal overhead 
Adaptive triggering Reduces unnecessary explanation computation 

 

 

5. USER ASSESSMENT AND REQUIREMENTS ELICITATION 

This section presents the user assessment conducted to evaluate perceptions of the proposed OTPS 

framework. The purpose of the assessment was to identify user-centered requirements related to transparency 

adjustment, user control, psychological safety, trust calibration, and long-term usability in explainable AI 

systems. A survey was conducted with 35 participants who regularly interact with digital platforms such as 

recommendation systems, e-commerce services, streaming platforms, and personalized advertising 

environments. The questionnaire consisted of 30 Likert-scale items grouped according to the four OTPS 

goals. Each item was evaluated using a five-point scale ranging from 1 (Very Low) to 5 (Very High). The 

tables in this section summarize the participant demographics (Table 4), descriptive statistics (Table 5), 

cumulative response distribution (Table 6), questionnaire reliability (Table 7), and comparison with existing 

XAI approaches (Table 8). The participant profile indicates that the sample was suitable for exploratory user-

centered assessment because most respondents were familiar with digital platforms and AI-driven 

recommendation environments. Although the sample size is modest, it provides useful initial insights for 

requirements elicitation and framework refinement. 

 

 

Table 4. Participant demographics 
Category Distribution 

Total participants 35 
Male 20 (57%) 

Female 15 (43%) 

Age 18–20 14% 
Age 21–30 63% 

Age 31–40 23% 

Technical background 71% 
Non-technical background 29% 

 

 

The survey results were summarized across the four OTPS goals using mean and standard deviation 

values. The results show generally positive user perception toward adaptive transparency, user control, 

psychological safety, trust calibration, and long-term usability. These results suggest that users do not prefer 

unrestricted or overly detailed transparency by default. Instead, they favor explanation mechanisms that adapt 

to context, provide suitable levels of detail, and allow users to control how much information is disclosed. 

Goal 2 and Goal 4 received the strongest mean scores, indicating that user control, privacy-aware explanation 

design, and long-term usability are particularly important requirements for explainable AI interfaces. 
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Table 5. Summary of user assessment results across OTPS goals 
OTPS goal Mean SD Key interpretation 

Goal 1: transparency adjustment and 
explanation timing 

3.69 1.02 Users support adaptive timing and gradual explanation delivery 

Goal 2: user control and psychological 

safety 

3.92 0.98 Users strongly value control, abstract disclosure, and privacy-aware 

explanations 
Goal 3: trust calibration through 

adaptive explanations 

3.84 1.01 Users support explanations that help prevent over-trust and under-

trust 

Goal 4: long-term usability and 
sustainability 

3.95 0.94 Users prefer explanation mechanisms that remain useful and non-
intrusive over time 

SD: standard deviation 
 

 

Table 6 presents the combined response distribution across all four goals. Instead of using separate 

charts for each goal, the figure summarizes the overall pattern of participant responses and visually 

demonstrates the dominance of high and very high responses. From a requirements engineering perspective, 

the results identify several important design requirements for explainable AI systems. First, explanations 

should be adaptive rather than static. Second, users should be given control over explanation depth and data 

disclosure. Third, explanation interfaces should communicate uncertainty and confidence to support 

appropriate trust calibration. Fourth, transparency mechanisms should remain lightweight and understandable 

during repeated use. To confirm the reliability of the questionnaire, Cronbach’s Alpha analysis was 

conducted across the four OTPS constructs. The overall questionnaire reliability was 0.87, which is above the 

commonly accepted threshold of 0.70 and indicates strong internal consistency. 

 

 

Table 6. Final cumulative evaluation of all goals 
Goal Very low Low Neutral High Very high 

Goal 1 6.4% 12.5% 22.0% 26.0% 34.0% 

Goal 2 5.0% 10.7% 17.9% 24.6% 43.9% 
Goal 3 7.3% 10.8% 18.4% 21.6% 43.8% 

Goal 4 8.0% 9.7% 14.3% 25.1% 46.3% 

Average 6.68% 10.93% 18.15% 24.33% 42.00% 

 

 

Table 7. Summary of user assessment results across OTPS goals 
Construct No. of items Cronbach’s Alpha 

Goal 1: transparency timing 8 0.84 

Goal 2: psychological safety 8 0.88 
Goal 3: trust calibration 9 0.86 

Goal 4: long-term usability 5 0.85 

Overall questionnaire 30 0.87 

 

 

A Chi-square goodness-of-fit test was also conducted on the aggregated Likert responses to examine 

whether the response distribution significantly differed from a uniform distribution. The result was 

statistically significant, χ² = 42.31, p < 0.01, indicating that the concentration of responses in the High and 

Very High categories was unlikely to be due to random variation. This supports the interpretation that 

participants consistently favored transparency mechanisms aligned with the OTPS framework. 

In Table 8, the OTPS framework was compared with existing explainable AI approaches to clarify 

its contribution. Existing studies provide valuable contributions in interpretability, trust calibration, user-

centered evaluation, and interactive explanation design. However, they do not fully combine transparency 

depth, timing, abstraction, user control, and psychological safety within one system-level framework. 

 

 

Table 8. Comparison between OTPS model and related work 
Feature OTPS framework Yang et al. [1] Calibrated-XAI (C-XAI) [6] Reflective XAI [19] 

Transparency adjustment Yes Yes No Partial 

Psychological safety Yes No Yes Partial 

User control Yes No No Yes 

Privacy concern handling Yes No Yes No 

Adaptive explanation timing Yes No No No 
Lifecycle-wide transparency Yes No No Partial 

Interactive feedback Yes No Partial Yes 

System-level transparency 

regulation 
Yes No No No 
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Overall, the user assessment supports the need for regulated transparency in explainable AI systems. 

The findings show that users value explanations that are adaptive, controllable, privacy-aware, and 

sustainable over time. These results strengthen the OTPS framework as a practical requirements-driven 

approach for designing explainable AI interfaces in recommendation and advertising systems. 

 

 

6. DISCUSSION 

The findings suggest that explainable AI systems should not treat transparency as unrestricted 

disclosure. Users appear to prefer adaptive transparency, where explanations are provided at an appropriate 

level of detail and only when they are useful for understanding the AI output. This supports the idea that 

explanation design should move beyond simply showing more information and instead focus on presenting 

the right amount of information at the right time. The results also indicate that psychological safety and user 

control should be treated as core design requirements in user-facing AI systems. In recommendation and 

advertising environments, explanations may indirectly reveal personal preferences, behavioral patterns, or 

inferred user characteristics. Therefore, users should be given control over explanation visibility, data 

disclosure, and the level of detail presented. Abstract explanations, confidence indicators, and expandable 

explanation panels can help users understand AI decisions without creating unnecessary discomfort or 

privacy-related anxiety. From an engineering perspective, the OTPS framework can be implemented as a 

transparency regulation layer between the AI model and the user interface. This layer allows explanation 

generation to remain separate from explanation delivery, making it possible to regulate explanation depth, 

timing, abstraction, and user control without modifying the underlying AI model. As a result, OTPS provides 

a practical approach for integrating explainability into real-world recommendation and advertising systems 

while balancing interpretability, usability, and psychological comfort. 

 

 

7. CONCLUSION 

This study proposed the OTPS framework for regulating transparency in explainable AI systems. 

Unlike approaches that focus mainly on increasing explanation detail, OTPS emphasizes controlled 

transparency by managing explanation depth, timing, abstraction level, and user control. The framework is 

designed to support interpretability, appropriate trust calibration, usability, and psychological comfort in AI-

based recommendation and advertising systems. The user assessment showed that participants generally 

preferred adaptive and controllable explanation mechanisms rather than unrestricted full disclosure. These 

findings suggest that explainable AI interfaces should provide explanations progressively, allow users to 

adjust transparency levels, and avoid unnecessary exposure of sensitive behavioral information. From an 

engineering perspective, OTPS can be implemented as a transparency regulation layer between the AI model 

and the user interface, making it practical for integration into existing recommendation and advertising 

platforms. The main limitation of this study is the relatively small sample size of 35 participants, which limits 

the generalizability of the findings. Future research should evaluate the OTPS framework with larger and 

more diverse user groups, real-world AI platforms, and longitudinal studies to examine how trust, cognitive 

load, privacy concerns, and psychological comfort evolve over repeated interactions. Further studies may 

also apply OTPS in other domains such as healthcare decision support, intelligent assistants, financial 

recommendation systems, and autonomous systems. 
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