
December 2025    Vol. 3 No. 6    American Journal of Student Research    www.ajosr.org 781

American Journal of Student Research

Original Research Article

Corresponding author: Cayden Bunjamin, E-mail: Cayden.Bunjamin@
gmail.com.
Copyright: © 2025 Cayden Bunjamin. This is an open access article 
distributed under the terms of the Creative Commons Attribution License, 
which permits unrestricted use, distribution, and reproduction in any 
medium, provided the original author and source are credited.
Accepted December 4, 2025
https://doi.org/10.70251/HYJR2348.36781790

Maintaining Psychological Safety in the Toyota Production 
System: The Role of Transparency and Decision-Making 

in the Age of Artificial Intelligence 

Cayden Bunjamin

Design Tech High School, 275 Oracle Parkway, Redwood City, CA, 94065, United States; 
Lumiere Education

ABSTRACT

The Toyota Production System (TPS) is recognized for fostering continuous improvement and its 
emphasis on team-based problem-solving within a culture that values open communication and learning. 
At the same time, artificial intelligence (AI) is rapidly transforming manufacturing by introducing 
opportunities for augmentation and automation. This study models how AI integration could influence 
psychological safety in environments inspired by TPS principles, using synthetic data generated by 
large language models (LLMs). Drawing from literature on organization learning, AI integration, and 
workplace psychology, a conceptual model is developed and tested across four simulated organizational 
scenarios: TPS with transparency and participative decision-making (TPS+), TPS without these 
moderators (TPS−), traditional manufacturing environment with automation-based AI transparency 
and participative decision-making (Non-TPS+), and a traditional manufacturing environment with 
automation-based AI without these moderators (Non-TPS−). Quantitative analyses demonstrated 
significant differences across conditions. Teams in the transparent and participative TPS condition (TPS+) 
reported substantially higher psychological safety (M = 5.11) than those in the Non-TPS− condition (M 
= 2.70), F(3, 996) = 972.56, p < .001. Similar effects emerged for team performance (M = 5.54 vs. 
2.56; F(3, 996) = 1453.27, p < .001) and AI adoption (M = 4.61 vs. 3.00; F(3, 996) = 347.28, p < 
.001). Chi-square analyses further confirmed significant categorical differences in pay outcomes (χ²(6) = 
836.07, p < .001) and job redundancy (χ²(15) = 686.91, p < .001) across scenarios. These findings suggest 
that transparency and participative decision-making positively moderate AI’s impact on team dynamics, 
producing the consistent performance hierarchy TPS+ > Non-TPS+ > TPS− > Non-TPS−. While the data 
are synthetic, the results offer preliminary support for the theoretical integration of psychological safety 
and AI augmentation frameworks within human-centered production systems. Future research should 
validate these trends through human-subject surveys and ethnographic case studies in real manufacturing 
contexts.

Keywords: Toyota Production System (TPS); Psychological Safety; Artificial Intelligence (AI); 
Transparency; Participative Decision-Making; Synthetic Data Simulation

INTRODUCTION

The Toyota Production System (TPS) has long been 
considered the gold standard in production management, 
renowned for its culture of continuous improvement, 
also known as “kaizen,” lean practices, and employee 
participation at all organizational levels (1). Central to 
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this framework is the concept of psychological safety, a 
condition that enables individuals to take interpersonal 
risks without fear of negative consequences. Harvard 
researcher Edmondson (2) defines psychological 
safety as a shared belief that a team is safe to speak up, 
contribute ideas, and learn from mistakes. This concept 
is closely aligned with TPS’s emphasis on collective 
problem-solving and learning-by-doing, suggesting that 
psychological safety forms the social foundation upon 
which lean processes and continuous improvement 
thrive.

At the same time, artificial intelligence (AI) usage is 
on the rise and rapidly transforming the manufacturing 
environment. AI is being used to automate decision-
making processes and time-consuming operational tasks 
that teams traditionally handled (3). While AI allows 
for efficiency and data-driven improvement, it creates a 
new challenge for team dynamics, communication, and 
perceived agency. Workers may feel less responsible for 
their outcomes, feel more replaceable, and be hesitant 
to ask questions about decisions made by AI, all of 
which can weaken the psychological safety necessary 
for sustained learning. Wilson & Daugherty emphasize 
that successful AI-driven redesigns require a balanced 
partnership between human judgment and algorithmic 
assistance, ensuring that automation complements rather 
than replaces human sensemaking and collaboration (3).

This study investigates how varying levels of AI 
integration, transparency, and participative decision-
making influence team psychological safety in scenarios 
inspired by the Toyota Production System (TPS). 
Because no direct Toyota data were available, the study 
simulates these organizational dynamics, utilizing 
synthetic survey data generated by large language 
models (LLMs) to explore their theoretical effects. 
Maintaining psychological safety during AI adoption is 
critical to preserving TPS’s learning-oriented culture. 
Using synthetic data to simulate four organizational 
conditions (TPS+, TPS−, Non-TPS+, and Non-TPS−), 
this research examines how human-centered factors 
moderate the relationship between AI augmentation and 
psychological outcomes. The results aim to advance the 
theoretical understanding of how socio-technical systems 
can integrate AI responsibly while sustaining trust, 
engagement, and continuous improvement.

LITERATURE REVIEW

The Toyota Production System (TPS) is globally 
recognized as the benchmark for production and 

operations management, renowned for its ability to 
drive operational excellence. This level of excellence 
is achieved by following key concepts of lean 
manufacturing, including continuous improvement 
(kaizen) and frontline participation. At the core of TPS 
is a structure that enables employees at all levels to be 
able to identify inefficiencies, raise concerns, and make 
suggestions without relying on the hierarchical approval 
(1). This decentralized system creates both operational 
flexibility and psychological empowerment, allowing 
improvement initiatives to emerge organically from the 
front line. As Spear and Bowen (1) emphasize, effective 
decentralization requires both structural discipline and a 
supportive social environment where management trusts 
workers to act and workers feel safe to contribute ideas.

That willingness for upper management to step 
back and for team members to speak up requires what 
Edmonson defines as psychological safety, a shared 
belief that the team is safe to take interpersonal risks 
(2). Psychological safety allows team members to voice 
their concerns, ask questions, and admit mistakes 
without the fear of shame or punishment, forming the 
social foundation of continuous learning. Later work by 
Edmonson and Lei reinforces its importance, showing that 
psychological safety predicts adaptive performance and 
collaboration in fast-changing, complex environments. 
Within it, the culture of continuous improvement would 
revert to compliance-based management (4).

As AI becomes increasingly integrated into org-
anizational processes, new pressures emerge for 
sustaining psychological safety within systems such as 
TPS. AI applications increasingly automate decision-
making and operational tasks that human teams have 
traditionally managed. While these technologies can 
improve efficiency and consistency, they also shift how 
responsibility and authority are distributed, which may 
reduce employees’ sense of control and willingness 
to question automated outcomes. Such dynamics can 
weaken the learning culture that TPS depends on. Wilson 
and Daugherty (3) emphasize that effective AI adoption 
requires collaborative intelligence, humans and machines 
working together so that algorithms augment, rather than 
replace, human expertise and judgment. Maintaining this 
balance is essential to preserving trust and engagement 
in human-centered production systems.

There is substantial literature on the distinction of 
AI usage as a tool for augmentation versus automation. 
Brynjolfsson et al. argue that AI’s organizational impact 
depends on whether it enhances or replaces human labor 
(5). When used for automation, AI can support decision-
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making and its development, reinforcing psychological 
safety by empowering workers. Conversely, automation 
tends to displace workers and increase uncertainty and 
anxiety, reducing psychological safety. In empirical 
manufacturing contexts, Brynjolfsson et al. found that 
the adoption of robots in manufacturing led to reduced 
employment in low-skilled positions, but that automation 
improved high-skilled wages (6). This suggests that 
the relationship between AI integration and employee 
well-being is moderated by organizational design and 
leadership transparency.

Within TPS, where improvement depends on 
collaborative problem-solving and continuous feedback, 
AI tools are more likely to augment human judgment 
rather than replace it. This contrasts with traditional 
manufacturing systems that vary in transparency and 
participative decision-making. Accordingly, this study 
models how AI’s effects on team outcomes differ across 
organizational structures that vary in transparency and 
participative decision-making.

H1: Transparency and participative decision-making 
will positively moderate the relationship between AI 
implementation type (augmentation vs automation) and 
employee outcomes, specifically, psychological safety 
and perceived compensation stability. Teams in high-
transparency, participative TPS conditions (TPS+) will 
report higher psychological safety and compensation 
than those in low-transparency conditions (TPS−, Non-
TPS−).

Recent literature has explored the concept of Creative 
Displacement Anxiety (CDA), the fear that one’s human 
capabilities, such as creativity, judgment, or intuition, 
are becoming obsolete by AI. Caporusso notes that 
Generative AI differs from prior technological shifts 
because it mimics human cognitive outputs, challenging 
identity and legitimacy among knowledge workers (7). 
This anxiety is not limited to only the creative industries; 
it can emerge across professions. However, perceived 
control and participative culture moderate this effect: 
employees in distributed systems like TPS, which 
empower decision-making at all levels, experience the 
opposite. Burton et al. found that algorithm aversion 
decreases when individuals retain decision authority, 
directly linking perceived autonomy to trust in AI 
systems (8).

H2: Organizational structure will influence AI-
related displacement anxiety such that employees in 
participative TPS environments will report lower CDA 
and higher psychological safety than those in hierarchical 
manufacturing systems.

One of the most challenging parts of implementing 
AI is that employees need to develop the skills and 
mindset to work alongside these tools. Generative AI can 
be deployed in two ways: automation, where it replaces 
human labor by performing tasks independently, and 
augmentation, where it enhances human work by acting 
as a tool that employees actively use to improve their 
decision-making, creativity, and problem-solving. The 
latter of the two emphasizes the collaboration between 
humans and AI rather than substitution and is more 
consistent with the Toyota Production System’s emphasis 
on learning and continuous improvement.

Pavone  found that individuals with higher 
psychological safety and self-confidence were more 
motivated to engage with AI tools creatively, whereas 
those experiencing performance anxiety tended to avoid 
or resist AI use (9). These findings suggest a reciprocal 
relationship between psychological safety and AI 
adoption: psychologically safe teams are more likely to 
use AI constructively, and successful AI augmentation 
can reinforce that safety by enabling positive learning 
experiences. Edmondson  similarly observed how 
teams with higher team psychological safety are more 
willing to take risks, share more feedback, and overall 
are more open to learning, and these are in line with the 
core components of TPS (2). Contrastingly, traditional 
manufacturing systems are lacking these learning 
structures, which often results in a slower and more 
superficial AI adoption, driven primarily by automation 
goals rather than collaborative augmentation. This 
theoretical distinction frames the next hypothesis.

H3: The level of AI adoption will be significantly 
higher in TPS contexts than in traditional manufacturing, 
due to greater learning orientation, feedback culture, and 
psychological safety.

Given the higher level of AI adoption in TPS, the 
impact on team psychological safety will be moderated by 
transparency and participative decision-making. Higher 
transparency will lead to higher team psychological safety 
at the same level of AI adoption. Same for participative 
decision making. Worker satisfaction and trust with AI 
systems depend on whether the workers feel empowered 
or undermined by the new addition of AI tools. Burton 
et al. discovered that AI was more accepted when it 
augmented human judgment calls rather than overriding 
them (8). When workers were able to have some control 
over the system’s recommendations, they were more 
likely to trust and use the AI tools. This aligns with 
self-determination theory, which posits that perceived 
autonomy is a central determinant of motivation and 
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engagement.
TPS is designed around human agency and 

emphasizes the decentralization of decision-making and 
structured autonomy at the team level. This structure 
allows workers to view AI as a supportive tool that 
enhances analytical capacity and decision speed, thereby 
reinforcing their sense of competence and contribution. 
Conversely, in traditional manufacturing structures, 
AI is likely to be introduced to the top-down, giving 
employees less control and clarity over the tool, which 
can weaken morale.

H4: AI tools that enhance perceived autonomy in 
problem-solving will produce higher job satisfaction, 
team performance, and psychological safety in TPS 
environments compared to traditional manufacturing.

This literature review integrates psychological, 
technological, and organizational perspectives to 
construct a socio-technical model linking AI adoption, 
transparency, and participative decision-making to 
psychological safety. The framework provides the 
theoretical foundation for the study’s synthetic simulation 
of four conditions, TPS+, TPS−, Non-TPS+, and Non-
TPS−, to examine how AI’s organizational impact 
depends on both human-centered design and system 
transparency.

METHODS AND MATERIALS

A mixed-methods approach was employed, combining 
a literature review with a conceptual model supported by 
synthetic data, to investigate the impact of AI adoption on 
team psychological safety within the Toyota Production 
System (TPS). The literature review focuses on existing 
research related to TPS practices, psychological safety in 
team settings, and the integration of AI in the redesign 
process. This helps create a theoretical foundation for 
understanding the relationship between the factors and 
identifying gaps in how the implementation of AI may 
reshape communication, trust, and learning within a TPS 
framework. Due to the unavailability of direct data from 
Toyota, the study simulates TPS-inspired environments 
through synthetic data generation, allowing for 
controlled modeling of theoretical relationships between 
AI integration and team psychological safety.

Scenarios Definitions
The data collected examined how varying conditions 

of AI integration, transparency, and participative 
decision-making influenced team psychological safety, 
team performance, AI adoption, and perceived workforce 

outcomes across four simulated organizational contexts:
TPS+: You are a factory worker in a Toyota 

Production System environment where AI tools have 
been adopted as augmentation tools, not automation. 
Decisions are transparent, and employees are included in 
problem-solving.

TPS−: You are a factory worker in a Toyota 
Production System environment where AI tools have 
been adopted as augmentation tools, not automation. 
Decisions are not made transparently, and employees’ 
opinions and thoughts have been left out of the problem-
solving processes.

Non-TPS+: You are a factory worker in a traditional 
car manufacturing environment where AI tools have 
been adopted as automation tools, not augmentation. 
Decisions are transparent, and employees are included in 
problem-solving.

Non-TPS−: You are a factory worker in a traditional 
car manufacturing environment where AI tools have 
been adopted as automation tools, not augmentation. 
Decisions are not made transparently, and employees’ 
opinions and thoughts have been left out of the problem-
solving processes.

Synthetic Data Generation
Synthetic data is created through specific prompting 

of Large Language Models (LLMs) to generate structured 
and theoretically coherent patterns that mimic human-
like response variability. Prior research on synthetic data 
(10, 11) suggests that such data can reveal conceptual 
relationships, but they do not replicate human cognition 
or social dynamics. Thus, in this study, synthetic data 
serves as a probe for theoretical relationships, not to 
measure or predict real behavioral outcomes.

Conceptual Model
The conceptual model (Figure 1) maps the interactions 

between AI integration type (augmentation vs. 
automation), psychological safety, and TPS’s emphasis 
on continuous improvement and frontline participation. 
It predicts that transparency and worker participation 
will moderate the impact of AI adoption on team-level 
outcomes, sustaining trust and open communication that 
is central to TPS. The model is tested using synthetic 
datasets to examine how different scenarios of AI 
integration may impact psychological safety and team-
based learning scenarios. The dataset comprises 
LLM-generated survey-style responses to questions 
on team psychological safety, team performance, AI 
integration, and perceived compensation, using questions 
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both adapted conceptually and taken directly from 
Edmondson’s (2) work.

Data Processing and Software
Data were generated using the Google Gemini 2.0 

Flash model, selected for its accessibility and reliable 
output variance. A temperature of 0.9 was applied to 
balance creativity and coherence, ensuring diversity 
across the simulated responses while still maintaining 
thematic consistency. In total, 1,000 responses were 
generated (250 per scenario), representing four AI 

adoption conditions: high-transparency participative 
TPS (TPS+), low-transparency TPS (TPS−), high-
transparency traditional manufacturing (Non-TPS+), 
and low-transparency hierarchical manufacturing (Non-
TPS−). This structure ensured a balanced dataset for 
comparative analysis.

All data collection and analysis were conducted using 
RStudio (Version 2025.05.1+513) for reproducibility and 
statistical transparency. The analysis pipeline included 
descriptive statistics, one-way ANOVA (F-tests), Tukey 
post-hoc comparisons, and chi-square tests to evaluate 
both continuous and categorical outcomes. Specifically, 
ANOVA was used to test for mean differences in 
psychological safety, team performance, and AI adoption 
across scenarios, while chi-square analyses examined 
categorical variables such as perceived pay change and 
job redundancy distributions. Standard deviation and 
variance were also calculated to assess the internal 
consistency and distributional realism of the synthetic 
data.

Variance checks and outlier removals were done 
manually, and the means were visualized using ggplot2 
for clarity. The code was framed by that used by Bisbee 
et al. (12) and adapted to fit the structure of this project, 
with guidance from generative AI tools, including 
Google Gemini and ChatGPT, for syntax refinement and 
efficiency.

LLM Prompt Template
The following prompt was provided to LLM for each 

run. (“ROLE: You are simulating responses to a survey 
as if you are a human. Answer realistically based off 
the scenario given and vary responses to match persona 
across questions. Use the Likert scale (1=Strongly 
disagree, 2=Disagree, 3=Somewhat disagree, 4=Neutral, 
5=Somewhat agree, 6=Agree 7=Strongly agree). For 
the question on pay change use one of [‘a’,’b’,’c’] 
(a=increase, b=decrease, c=no change). For the question 
on redundancy percentage use one of [‘a’,’b’,’c’,’d’,’e’,’f’]- 
a=0%, b=0.1–2%, c=2–5%, d=5–10%, e=10–20%, 
f=>20%. Do not always give the same number; vary them 
to some extent, as a real person taking the survey would. 
Do not create patterns in which a numbers are repeated 
in a order, do not repeat the same number response 
for the entire survey, act as a human replacement. 
CONTEXT (SCENARIO): SCENARIOS[[scenario_id]]; 
TASK: sprintf(- Produce EXACTLY %d respondents for 
SCENARIO=%s., n, scenario_id), Return ONLY JSON 
that strictly adheres to the provided schema, and Output 
format must be an ARRAY of OBJECTS.”,sep=”\n”)

Figure 1. The model illustrates how increasing AI 
usage (augmentation vs. automation) interacts with 
organizational moderators (transparency and participative 
decision-making) to influence Toyota Production System 
(TPS) principles including agency, kaizen, and feedback 
loops. TPS then affects employee outcomes (perceived 
wage changes and job redundancy), which collectively 
shape team psychological safety, the primary outcome.
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Limitations of Synthetic Data
Finally, the study acknowledges that while synthetic 

LLM data enables structured testing of theoretical 
relationships, they do not replicate real human variance. 
As Anthis et al. (10) discuss how promising LLM social 
simulations are, while cautioning issues such as bias and 
alienness, and Xie et al. demonstrate that LLM agents 
can match human behavior at a high level (11). At the 
same time, limitations still exist. Responses from LLMs 
tend to show less variance, are highly sensitive to prompt 
design, and may shift as models evolve (12). Argyle et al. 
go on to write about how these limitations of LLMs are 
what make them far from being a universal solution (13).

RESULTS AND DISCUSSION

Overall Mean Comparisons
Mean comparisons indicated clear performance 

differences across the four conditions (Table 1). 
Psychological safety and team performance were 
highest under the TPS+ condition (M = 5.11, 5.54, 
respectively), followed by Non-TPS+ (M = 4.97, 5.26). 
Both systems under hierarchical (−) management 
exhibited substantially lower means (TPS−: M = 3.33, 
3.24; Non-TPS−: M = 2.70, 2.56). AI adoption followed 
that pattern, with higher levels in participative systems 

(TPS+: M = 4.61; Non-TPS+: M = 4.13) and lower levels 
in hierarchical systems (TPS−: M = 3.36; Non-TPS−: M = 
3.00) (Figure 2). Standard deviations were also consistent 

Figure 2. Mean scores (M) for each scenario (TPS+, 
TPS−, Non-TPS+, and Non-TPS−) are presented across 
three outcome measures: psychological safety, team 
performance, and AI adoption. Values are derived from 
synthetic datasets simulating team responses, illustrating 
conceptual differences between participative and 
hierarchical organizational conditions. TPS+ consistently 
demonstrates the highest mean scores across all categories, 
whereas Non-TPS− shows the lowest scores, reflecting 
the hypothesized moderating effects of transparency and 
participative decision-making.

Table 1. Summary of psychological safety, team performance, AI adoption, perceived pay change, and perceived job redundancy 
across four simulated organizational conditions: TPS with transparency and participative decision-making (TPS+), TPS without 
transparency and participation (TPS−), traditional manufacturing with transparency (Non-TPS+), and traditional manufacturing 
without transparency (Non-TPS−). Pay Change: A (Increase in pay); B (Decrease in pay); C (No change in pay); Job Redundancy: 
A (0%); B (0.1% - 2%); C (2%-5%); D (5%-10%); E (10-20%); F (>20%)

Scenario 1 (TPS+): 
Psychological Safety Avg 

Score: 5.1072 
Team Performance Avg 

Score: 5.542666667
AI Adoption Avg Score: 

4.6135 
Pay Change:

A: 92.00%
B: 0.00%
C: 8.00%

Job Redundancy:
A: 97.60%
B: 2.40%
C: 0.00%
D: 0.00%
E: 0.00%
F: 0.00%

Scenario 2 (TPS−): 
Psychological Safety Avg 

Score: 3.3308 
Team Performance Avg 

Score: 3.244666667
AI Adoption Avg Score: 

3.363
Pay Change:

A: 7.60%
B: 31.60%
C: 60.80%

Job Redundancy:
A: 12.00%
B: 23.60%
C: 22.40%
D: 15.20%
E: 14.00%
F: 12.80%

Scenario 3 (Non-TPS+):
Psychological Safety Avg 

Score: 4.9688 
Team Performance Avg 

Score: 5.255333333
AI Adoption Avg Score: 

4.1255 
Pay Change:

A: 17.20%
B: 3.60%
C: 79.20%

Job Redundancy:
A: 67.60%
B: 26.00%
C: 2.40%
D: 1.60%
E: 1.20%
F: 1.20%

Scenario 4 (Non-TPS−):
Psychological Safety Avg 

Score: 2.7012 
Team Performance Avg 

Score: 2.562
AI Adoption Avg Score: 

3.0045 
Pay Change:

A: 2.80%
B: 59.60%
C: 37.60%

Job Redundancy:
A: 6.40%
B: 17.20%
C: 30.80%
D: 20.40%
E: 11.60%
F: 13.60%
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across means (SD ≈ 0.6), indicating stable response 
distributions and internal reliability of the synthetic data. 
All analyses were conducted using a two-tailed test with 
an alpha level of .05.

Hypothesis Testing
Data for H1

One-way analyses of variance (ANOVA) were 
conducted to assess whether observed mean differences 
across scenarios were statistically significant. Results 
revealed significant effects for psychological safety (F(3, 
996) = 972.6, p < .001, η2 = 0.75), and team performance 
(F(3, 996) = 1453, p < .001, η2 = 0.81).

These effect sizes indicate large between-group 
differences. Post hoc Tukey HSD comparisons confirmed 
that the TPS+ condition scored significantly higher 
than all other scenarios across all three means (p < .001), 
while Non-TPS− consistently scored lowest. Chi-square 
analyses were also conducted. The distributions differed 
significantly across the four scenarios with the result for 
pay change being χ²(6, N = 1000) = 836.07, p < .001.

The data supported H1. Teams in the TPS+ scenario 
showed the fewest job cuts and the highest rate of wage 
increases, while TPS− showed more rationalization and 
lower pay outcomes. Similarly, Non-TPS+ outperformed 
Non-TPS−, showing that transparency and participative 
decision-making (the + condition) reduced job 
insecurity regardless of system type. Results were the 
same in psychological safety, as TPS+ and Non-TPS+ 
outperformed their counterparts. These results suggest 
that transparency and participation buffer the negative 
impacts of AI implementation, maintaining stability and 
trust within teams.

Data for H2
One-way analyses of variance (ANOVA) results are 

used once again, but this time looking at psychological 
safety and AI adoption, psychological safety (F(3, 996) 
= 972.6, p < .001, η2 = 0.75) and AI adoption (F(3, 996) 
= 347.3, p < .001, η2 = 0.51); these effect sizes 
once again shows large between-group differences. 
The chi-square test results for job redundancy are used 
for this hypothesis, and the results are χ²(15, N = 1000) 
= 686.91, p < .001, with TPS+ exhibiting the fewest 
redundancies. These results indicate that participative 
structures mitigate perceived AI-driven displacement. 
The data supports H2. TPS+ teams scored the highest 
in psychological safety and AI adoption (including 
displacement anxiety), while Non-TPS− scored the 
lowest. Employees in a transparent and participative 

environment reported feeling more secure, more 
included in AI-related changes, and more willing to 
adopt AI tools. These results align with the theory that 
participative systems foster collective trust and adaptive 
behavior during technological transitions.

Data for H3
AI adoption scores varied significantly by condition 

(F(3, 996) = 347.3, p < .001, η2 = 0.51). Post hoc 
comparisons confirmed that TPS+ teams adopted AI 
effectively more frequently than all other groups (p < 
.001). H3 was supported by the consistent hierarchy of 
results (TPS+ > Non-TPS+ > TPS– > Non-TPS–). Notably, 
Non-TPS+ beat out TPS− in both AI adoption and team 
psychological safety scores by a significant amount, 
suggesting that the positive effects of transparency 
and participation can outweigh the structural benefits 
of TPS when those moderators are absent. This 
finding emphasizes the importance of human-centered 
governance in AI implementation: systems succeed not 
only because of process design, but because employees 
feel involved and respected throughout the adoption 
process.

Data for H4
Participative and transparent conditions yielded 

significantly higher psychological safety and team 
performance (F(3, 996) = 972.6, p < .001, η2 = 0.75) and 
team performance (F(3, 996) = 1453, p < .001, η2 = 0.81). 
H4 was supported. TPS+ teams demonstrated the highest 
job satisfaction and performance indicators, followed 
by Non-TPS+. Using psychological safety scores as 
a proxy for job satisfaction, the results suggest that 
participative, transparent environments maintain morale 
and motivation even amid automation pressures.

Overall, the results provide strong conceptual evidence 
that transparency and participation meaningfully 
enhance both team-level and individual-level outcomes 
in the context of AI integration. TPS+ consistently 
outperformed traditional, hierarchical environments on 
all key indicators. In contrast, the Non-TPS− scenario 
exhibited the weakest outcomes, characterized by lower 
psychological safety, reduced performance, limited AI 
adoption, and more negative workforce perceptions. 
While these results are robust statistically, they are 
derived from synthetic data intended for conceptual 
modeling rather than for empirical generalization. The 
magnitude of F- and χ²-values should be interpreted 
as reflecting the theoretical strength of the modeled 
relationship rather than observed real-world effect sizes. 
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Collectively, the findings support the hypothesis that 
participatory and transparent systems promote higher 
collaboration, trust, and openness toward AI integration, 
forming a strong conceptual basis for future empirical 
validation in manufacturing contexts.

The results of this study demonstrated that 
organizational transparency and participative decision-
making (the TPS moderators) strongly influence the 
relationship between AI integration and team outcomes. 
Across all scenarios, the pattern followed the 
theoretical expectation: TPS+ > TPS− > Non-TPS+ 
> Non-TPS−. This supports the idea that participative 
structures enhance psychological safety, job satisfaction, 
and openness to AI adoption by aligning human and 
technological systems. When comparing across systems, 
TPS− underperformed Non-TPS+ in all five categories 
measured, reinforcing that participative culture is more 
critical to successful AI adoption than structure alone. 
Still, TPS− outperformed Non-TPS−, confirming that 
even without strong moderators, TPS principles offer 
some advantage over traditional manufacturing systems. 
These findings underscore that transparency and 
participation act as powerful moderators that are able to 
shape how organizations adapt to the introduction of AI. 
Leaders who integrate these values can reduce resistance, 
sustain trust, and improve team outcomes.

Limitations
Limitations of this approach include the reliance on 

synthetic data rather than real-world team interactions 
and the inherent simplifications of the conceptual model. 
However, this method enables the exploration of the 
complex dynamics that occur when aligning AI adoption 
with the human-centered learning culture of TPS, 
providing actionable insights for manufacturing leaders 
seeking responsible AI integration.

Given these limitations, the use of real-world surveys 
in the future will be necessary to back the tentative 
findings from our studies. In addition, refining the 
survey instruments and adjusting the scenarios to have 
LLM models be able to distinguish the effects of the 
moderators in each scenario will further strengthen the 
validity of future analyses.

CONCLUSION

This study explored how the integration of AI affects 
team psychological safety within the Toyota Production 
System. Using a synthetic dataset across four scenarios, 
the results show that AI integration in TPS environments 

can reinforce psychological safety and team performance, 
but only when transparency and participative decision-
making are preserved. TPS structures with high levels 
of participation (TPS+) constantly outperform traditional 
manufacturing environments (Non-TPS+ and Non-TPS−) 
and TPS without these moderators (TPS−). Conversely, 
the absence of these moderators often eroded the benefits 
of TPS so significantly that TPS underperformed against 
traditional manufacturing.

These findings highlight the importance of workplace 
culture in shaping AI’s impact. For organizations that are 
seeking responsible AI adoption, the lesson is clear: 
technology alone cannot guarantee better outcomes. 
Psychological safety, supported by open communication 
and shared decision-making, remains the foundation for 
continuous improvement.

Future research should validate these conceptual 
findings with real-world data. Mixed-method 
designs, such as surveys, longitudinal field studies, 
or ethnographic observations, could capture how 
employees actually experience AI integration over 
time. Examining how different levels of AI maturity 
influence psychological safety would also help identify 
when and how participative practices are most critical. 
By combining empirical validation with human-centered 
design principles, future work can guide leaders 
toward AI strategies that enhance both organizational 
performance and employee well-being.
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APPENDIX

LLM Prompting Framework: Simulated Survey Items

The following items were included in prompts to the 
Google Gemini 2.0 Flash model to generate structured 
synthetic responses simulating human survey data. No 
actual human participants completed these items.

Item Development and Attribution:
Questions directly adapted from or taken from 

Edmondson (2): PS2, PS4, PS7, TP1, TP2
Questions developed for this study: All AI adoption 

items, pay change, and job redundancy questions

Simulated Survey Items:

Psychological Safety
1.	 I feel my contributions are valued by the team
2.	 I trust the members of this team to support me 

when I take a risk*
3.	 People on this team feel safe to admit when they’ve 

made an error
4.	 I often notice that people on my team ask 

questions when they are unsure about something*
5.	 Everyone on this team has a chance to contribute 

during discussions
6.	 People on this team are sometimes hesitant to 

share new ideas as they are worried about how 
others might react (reverse scale for analysis)

7.	 If you make a mistake on this team, it is often 
held against you*

8.	 If I notice a problem that is slowing team 
progress, I feel I can raise it

9.	 When people make a mistake on this team, they 
are usually used as opportunities to learn rather 
than as a place to blame

10.	 It is acceptable to disagree with others on this  
            team

Team Performance
1.	 My team continuously improves our processes*
2.	 Our team consistently meets the quality standards 

expected in our work*
3.	 Our team learns from past projects to improve 

future work
4.	 Constructive feedback is shared within the team to 

help us improve
5.	 We regularly discuss how we can improve our 

team’s processes
6.	 We complete tasks on time as a team

AI
1.	 We use AI in our workflows (adoption)
2.	 We use AI in our workflows to improve efficiency 

(adoption + improvement)
3.	 I am worried AI will replace my role (threat) 

(reverse scale for analysis)
4.	 AI tools will help me make decisions more 

confidently (augmentation)
5.	 I feel that AI tools could negatively impact how 

our team collaborates (threat) (reverse scale for 
analysis)

6.	 I am aware of the ways AI is impacting our work 
processes (awareness)

7.	 I have received adequate training to effectively use 
AI tools in my work (learning)

8.	 I feel the AI tools we use improve the quality of my 
work (adoption + improvement)

Pay
1.	 Report expected change in pay (increase, decrease, 

no change)
2.	 What is the percentage of jobs at your company 

that have been made redundant as a consequence 
of the introduction of generative AI? (a) 0% b) 0.1% 
- 2% c) 2%-5% d) 5%-10% e) 10-20% f) >20%)


