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Abstract. This study examines how culturally fair artificial intelligence (AI) implementation intersects with 

sustainable workplace management in global organizations. Despite widespread AI adoption, the impact of cultural 

fairness on long-term sustainability remains underexplored. Using Preferred Reporting Items for Systematic Reviews 

and Meta-Analyses (PRISMA) guidelines, a systematic review of 30 peer-reviewed studies (2018–2024) from Scopus, 

Web of Science, and IEEE Xplore was conducted. The review identified four key areas of intersection: (1) strategies to 

mitigate algorithmic bias across cultures, (2) inclusive AI governance, (3) cultural adaptation in AI decision-making, and 

(4) sustainability outcomes from culturally responsive AI. Findings show that organizations applying culturally fair AI 

achieve better employee engagement, lower turnover, and improved innovation, with stronger alignment to Sustainable 

Development Goals (SDGs). This study offers a practical framework for culturally inclusive, sustainability-driven AI 

implementation and highlights areas for further research. 

Keywords: Culture-fair artificial intelligence, workplace sustainability, algorithmic bias, cross-cultural 

management, responsible AI governance, digital transformation, sustainable development goals 

1. Introduction 

The integration of artificial intelligence (AI) into organizational settings has rapidly transformed 

operations, decision-making, and management. While AI offers significant benefits, it also raises 

challenges—particularly around cultural fairness and sustainable workplace practices [1]. As AI shapes 

hiring, evaluations, and planning, its ability to respect cultural diversity becomes vital for sustainable 

management. 

Culture-fair A.1 signifies that the system is by design sufficiently applicable on an equal basis to different 

cultural contexts, freeing the system from its biases built into the design and training data (Sambasivan et al., 

2021). Conversely, it has been observed that sustainable management involves aligning economic objectives 

with social responsibility and environmental care to ensure long-term success and balance. [2].This 

intersection, however, is somewhat unexplored. The expanding works on AI ethics miss studies on cultural 

fairness concerning the organizational use of AI. Likewise, the research on sustainable management often 

overlooks cultural impacts of AI. Keeping this gap in mind, along with the growing demand for culturally 

sensitive and sustainable AI practices, systematic review of this nature is both urgent and warranted.

This systematic review addresses the following research questions: 
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1. How do cultural factors influence the development, implementation, and outcomes of AI systems 

in workplace settings? 

2. What frameworks exist for evaluating and ensuring the cultural fairness of AI systems in diverse 

organizational contexts? 

3. How does the implementation of culture‐fair AI contribute to sustainable management practices and 

outcomes? 

4. What challenges and best practices characterize the integration of culture‐fair AI in sustainable 

workplace management? 

To answer these questions, the review synthesizes findings from 30 peer‐reviewed sources spanning 

management science, computer science, organizational psychology, cultural studies, and sustainability 

research. By integrating insights from these diverse disciplines, the study aims to develop a comprehensive 

understanding of how organizations can harness AI technologies to both respect cultural diversity and 

advance sustainability goals. 

2. Literature Review 

2.1 Cultural Dimensions in AI Development and Implementation 

The cultural perspective, therefore, plays a considerable role in enabling AI to function within 

organizations. Cultural indices, such as those conceived by Hofstede for power distance, individualism- 

collectivism, and uncertainty avoidance, can serve to explain why different organizational performance levels 

and impacts become evident when AI is adopted [3].For instance, people are more willing to accept decisions 

made by machines in cultures where there are high power distance, but at the same time they may also feel a 

sense of distrust or biasedness towards AI- made decisions[4]. One major challenge is that AI often reflects 

the culture it is trained in. AI built on Western data sets may not work well in different areas which may lead 

to cultural imperialism[5]. Thus, language models trained in English may create problem in collectivist 

cultures, this may cause disadvantages to employees who does not have english as their first language. [6]. 

Organizational culture also shapes AI outcomes. Cultures emphasizing transparency and learning better 

support culturally adaptive AI [7]. In contrast, hierarchical organizations often reinforce biases through rigid 

AI deployment [8] 

2.2 AI Fairness Across Cultural Contexts 

In recent years, a much‐needed boom has been seen in research in the field of AI fairness; however, much 

of the literature is based on Western conceptualizations of fairness, which is misleading because it sometimes 

does not take cross‐cultural variations into account.The research work conducted by Mehrabi et al. (2021) is 

a comprehensive survey regarding bias and fairness in machine learning whereby most of the fairness 

measures are found to have been conceptualized and investigated in relation to datasets chiefly derived from 

North America and Europe.In contrast to this, it has been  suggested that algorithmic fairness varies by 

context, thereby imposing the necessity on organizations to evaluate their AI systems through local cultural 

lenses.[10] 

There has been a major concern for researchers to bring light to cultural bias in AI systems. Methodologies 

include: Diverse training data collection: Large performance gaps across demographic groups in commercial 

classification systems are caused by limited diversity in training data[11]. This causes disadvantages to 

people with darker skin tones. Hence, it highlights how flawed AI systems are when data is not represented 

properly. 
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Another way to tackle bias are algorithmic adaptations. Algorithms can be modified using fairness 

constraints, adversarial debiasing and culturally specific feature engineering[12].To further reduce 

discrepancies between groups, interventions can also be conducted after training such as calibration and 

threshold adjustments[13].  

Alongside technical solutions, organisational solutions can also be implemented. Before AI systems are 

executed, cultural impact assessments can be used to help detect biases beforehand [14]. Diverse 

development teams have a higher probability to recognise and also address bias[[15]16]. Participatory design 

approaches, mainly involving stakeholders from different cultural settings throughout the process will ensure 

fairness [17].With the rise of AI, there has been high concern about fairness and accountability, whereby 

some argue assessment tools should be accounted for intersectional and cultural differences . Frameworks 

that combine technical interventions and institutional strategies are implied to detect bias.[18] 

2.3 Sustainable Management and AI Integration 

Relationship between AI and organizational sustainability is a growing area in research.Depending on the 

design, implementation and governance AI systems can create either favourable or adverse outcomes for 

sustainability goals.[19] 

Examples include: 

● Environmental sustainability: Adaptive resource use and reducing waste through predictive 

analytics and autonomous systems through AI. 

● Social sustainability: Enhancing work-life balance by automating work design and reducing 

repetitive tasks.[19] 

AI’s role on sustainability are influenced by cultural values and practices.There are research that shows 

western- oriented AI systems which are often based on individualism and may conflict with sustainable 

management practices such as in collectivist societies. It has been suggested by Non-western studies that AI 

system designed for short term efficiency can undermine tradition- based decision making which are aimed 

at long term sustainability.[20].Some scholars have highlighted how culture- fair AI supports the United 

Nations’ Sustainable Development Goals (SDGs) such as decent work and economic growth (SDG ), reduced 

inequalities (SDG 10) ,responsible consumption and production (SDG12). In contrast , culturally insensitive 

AI implications can often fail to achieve efficiency [21]. 

2.4 Organizational Governance for Culture-Fair AI 

An important area of study is the governance of culturally sensitive AI implementation .Such approaches 

include:Culturally diverse membership among AI ethics committees,cultural assessment protocols to 

evaluate AI systems before and during deployment.  

Research shows organizations with strong governance mechanisms are better equipped to execute AI 

systems that respect cultural diversity and also support sustainability goals. It is the establishment of 

regulations that form how institutions address AI fairness.  

Several studies indicate a rising significance on employee involvement in AI governance. It has been 

observed that organizations that enable culturally diverse employees to take part in governance achieve fairer 

outcomes, better sustainability as they reduce resistance to AI implementation and make processes more 

culturally sensitive.  



competence*" OR "inclusive*"  

 

● Studies addressing cultural dimensions of AI implementation or usage 

● Studies examining sustainability aspects of AI systems 

● Studies providing empirical evidence or theoretical frameworks relevant to the research questions 

● Peer-reviewed publications in English language 

 

● Non-peer-reviewed materials, including white papers, blog posts, and news articles 
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3. Methodology 

3.1 Research Design 

Systematic review was conducted following the PRISMA (Preferred Reporting Items for Systematic 

Reviews and Meta-Analyses) guidelines. The design included comprehensive search strategy, inclusion and 

exclusion criteria, systematic screening and thematic synthesis method to address the research questions.  

3.2 Search Strategy 

The search strategy was developed to identify relevant literature at the intersection of culture-fair AI, 

workplace applications, and sustainable management. The following electronic databases were 

systematically searched: Scopus, Web of Science, IEEE Xplore, Business Source Complete, PsycINFO, and 

ACM Digital Library. These data bases were selected to ensure comprehensive coverage across relevant 

disciplines including management science, computer science, psychology, and sustainability studies.  

The search string combined terms from three primary domains:  

●  AI terminology: "artificial intelligence" OR "machine learning" OR "algorithmic systems" OR 

"automated decision-making" OR "natural language processing" OR "computer vision"  

● Cultural fairness terminology: "culture-fair*" OR "cross-cultural" OR "cultural bias" OR "cultural 

sensitivity*" OR "cultural divers*" OR "cultural con text*" OR "cultural intelligence" OR "cultural 

● Workplace/sustainability terminology: "workplace" OR "organization*" OR "management" OR 

"business" OR "human resource*" OR "sustainable" OR "sustainability" OR "SDG*" OR "triple 

bottom line" OR "corporate social responsibility" . 

The following search terms were mixed with the Boolean terms to yield the final search string: (Group 1) 

AND (Group 2) AND (Group 3). The search was restricted to peer-reviewed journal articles, conference 

proceedings, and book chapters that were published in English between January 2018 and October 2024. This 

time frame was chosen to include the most updated activities in a fast-paced evolving area like AI and also 

guarantee enough literature for any meaningful analysis. 

3.3 Inclusion and Exclusion Criteria 

The following inclusion criteria were applied: 

● Studies focusing on AI applications in workplace or organizational contexts

 

● Publications between January 2012 and October 2024 

The following exclusion criteria were applied: 

● Studies focusing solely on technical aspects of AI without addressing cultural or sustainability 

dimensions 

● Studies addressing cultural aspects of technology without specific focus on AI systems 

used on AI in non-organizational contexts (e.g., consumer applications, healthcare) ● 
● 

Studies foc

Studies focused exclusively on legal or regulatory frameworks without organizational implications

● Publications not available in English 



 

436             T. S. Saranya et al.

3.4 Screening and Selection Process 

There were three steps in the assessment process. 

1. Initial screening of the titles and abstracts: Two independent reviewers screened the titles and 

abstracts of all identified publications against the inclusion and exclusion criteria. Any 

disagreements would be resolved through discussion or referred to a third reviewer. 

2. Full-text review: This consisted of further review by the same two reviewers on published papers 

that were passed on to full-text review in order to finalize the criteria for inclusion. As before, any 

disagreement was settled through a discussion or third-reviewer consultation. 

3. Reference list screening: These reference lists from included publications were manually searched 

for identifying further relevant studies that may be missed by database searches. 

The initial database searches yielded 412 publications. After removing duplicates, 328 unique publications 

remained for title and abstract screening. Of these, 79 publications were selected for full-text review, resulting 

in 29 publications meeting all inclusion criteria. Reference list screening identified an additional 5 relevant 

publications, bringing the final sample to 30 publications. 

 

 



 

● Publication details (authors, year, title, journal/source) 

● Research type (empirical, theoretical, review) 

● Methodological approach (qualitative, quantitative, mixed methods) 

● Theoretical frameworks employed 

-
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Figure 1 PRISMA flow diagram showing the selection process of studies included in the systematic 

review 

3.5 Data Extraction and Analysis 

A standardized data extraction form was developed to capture relevant information from each included 

publication: 

● Cultural dimensions addressed 

● AI applications examined 

● Sustainability aspects considered 

● Key findings and implications 

● Geographic and cultural context of the study 

Data extraction for thematic synthesis was based on three stages: ascertain findings from primary studies 

through line-by-line coding, identify descriptive themes related to those codes, and then move into the 

generation of analytical themes that extend beyond primary studies to address the research questions.The 

above mentioned activities were performed using NVivo 14 software; thereby aiding in systematic coding 

and developing themes. 

Thematic synthesis was used for the analysis of extracted data. This consisted of three steps: (1) line-by

line coding of findings coming from primary studies, (2) sorting these codes into descriptive themes, and (3) 

producing analytical themes that transcend the primary studies to answer the research questions (Thomas and 

Harden, 2008). These activities were performed using NVivo 14 software, thereby aiding systematic coding 

and the development of the themes. 

Quality assessment of included studies was performed with appropriate tools based on the study design. 

For empirical studies, the Mixed Methods Appraisal Tool (MMAT) was used, while theoretical and 

conceptual papers were evaluated against criteria adapted , such as theoretical clarity, logical coherence, and 

scholarly grounding. 

4. Results 

4.1 Overview of Included Studies 

The systematic review included 30 peer-reviewed publications examining the intersection of culture-fair 

AI, workplace applications, and sustainable management. Table 1 presents the characteristics of these studies, 

revealing several notable patterns. 

Table 1 Characteristics of Included Studies 

Author(s) Y

ear 

Study Design Sample 

Characteristic

s 

Key Findings 
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Aggarwal, 

N., & Floridi, 

L. 

2

020 

Editorial/Introductory 

Essay (Theoretical) Introdu

ces the 

concep

t of 

intercu

ltural 

digital 

ethics. 

c

i

a

c

a

a

Introduces the 

oncept of 

ntercultural 

digital ethics, 

dvocating for 

ontext-sensitive 

nd culturally 

ware AI 

governance. 

Amershi, 

S. et al. 

2

019 

Empirical Guidelines 

from Mixed Methods 

Human-AI 

interaction 

researchers 

and designers 

f

i

i

f

t

Proposes 18 

design guidelines 

or effective 

human-AI 

nteraction, 

highlighting the 

mportance of 

eedback, 

ransparency, and 

user control. 

Barnes, A. 

J., Zhang, Y., 

& 

Valenzuela, 

A. 

2

024 

Review/Opinion 

(Empirical Evidence 

Integrated) 

Multinatio

nal survey 

data 

referenced 

s

t

i

r

c

s

Cultural values 

hape how users 

rust, accept, and 

nterpret AI 

behavior; 

esponses vary 

ulturally even 

with identical AI 

ystems. 

Binns, R. 2

018 

Theoretical/Philosoph

ical Analysis 

N/A 

a

f

t

c

a

i

Draws from 

political 

philosophy to 

rgue that 

airness in 

machine learning 

must be 

understood 

hrough 

ompeting moral 

nd political 

deals. 

Biswas, K. 2

024 

Quantitative 

(Doctoral Dissertation) 

HR 

professionals, 

organizations 

a

c

i

s

e

t

e

s

Shows that 

lgorithm bias 

management 

apability 

mproves 

trategic HR 

ffectiveness 

hrough AI-

nabled HR 

ystems. 
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Buolamwi

ni, J., & 

Gebru, T. 

2

018 

Empirical Study 

Comm

ercial 

facial 

recogn

ition 

system

s tested 

on 

gender 

and 

skin-

tone-

diverse 

dataset

s 

Finds major 

accuracy 

disparities in 

gender 

classification 

systems—

especially lower 

accuracy for 

dark-skinned 

women. 

Costanza-

Chock, S. 

2

020 

Book (Qualitative, 

Case Studies) 

Activist 

designers, 

community 

tech projects 

Proposes 

Design Justice 

framework—

emphasizes co-

design and 

inclusion of 

marginalized 

communities. 

Crawford, 

K. 

2

021 

Qualitative Analysis N/A Examines 

political and 

environmental 

impacts of AI, 

highlighting 

issues of power 

dynamics and 

resource 

exploitation. 

Delgado, 

F., Yang, S., 

Madaio, M., 

& Yang, Q. 

2

021 

Literature Synthesis 

and Empirical Analysis 

AI 

researchers 

and 

practitioners 

Proposes a 

framework for 

participatory 

approaches in AI 

design, 

emphasizing 

meaningful 

stakeholder 

engagement. 

Doppelt, 

B. 

2

017 

Change-management 

Framework 

Case 

studies from 

multiple 

sectors 

Provides 

strategies for 

leading 

sustainable 

change, focusing 

on systemic 

transformation. 
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Duan, Y., 

Edwards, J. 

S., & 

Dwivedi, Y. 

K. 

2

020 

Literature Review Analysis of 

existing 

studies 

Identifies 

challenges and 

proposes a 

research agenda 

for AI in 

decision-making. 

Dubey, R., 

et al. 

2

021 

Empirical Study Organizati

ons 

implementing 

AI in supply 

chains 

Highlights the 

mediating role of 

cultural factors in 

enhancing AI-

driven supply 

chain analytics. 

European 

Commission 

2

019 

Expert Group Report Expert 

contributions 

Outlines 

ethical guidelines 

for trustworthy 

AI, focusing on 

transparency, 

fairness, and 

accountability. 

Floridi, L., 

et al. 

2

018 

Ethical Framework 

Development 

Analysis of 

ethical 

guidelines 

Proposes an 

ethical 

framework for 

AI, identifying 

core principles 

and 

recommendations

. 

Gasser, U., 

& Almeida, 

V. A. F. 

2

017 

Theoretical Model 

Development 

N/A Introduces a 

layered model for 

AI governance 

across technical, 

ethical, and legal 

levels. 

Hardt, M., 

Price, E., & 

Srebro, N. 

2

016 

Theoretical Analysis 

and Case Study 

FICO 

credit scores 

Proposes a 

criterion for non-

discriminatory 

supervised 

learning in credit 

scoring. 

Jobin, A., 

Ienca, M., & 

Vayena, E. 

2

019 

Systematic Review 84 AI 

ethics 

guidelines 

Identifies 

global 

convergence 

around five 

ethical principles 

but notes 

divergences in 

interpretation. 
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Kuner, C. 2

020 

Legal Commentary Analysis of 

GDPR 

Provides in-

depth 

commentary on 

data protection 

and privacy 

implications. 

Liu, S., 

Jin, Y., Li, C., 

et al. 

2

025 

Benchmark 

Development 

Vision-

language 

models 

Develops 

CultureVerse 

benchmark for 

cultural 

understanding in 

Vision-Language 

Models (VLMs). 

Liu, Y., & 

Lin, Z. 

2

020 

Empirical Study Organizati

ons across 

cultures 

Explores how 

cultural factors 

influence 

organizational 

adoption of AI 

technologies. 

Makarius, 

E. E., et al. 

2

020 

Conceptual 

Framework 

N/A Proposes a 

sociotechnical 

framework for 

integrating AI 

into 

organizations. 

Parthasara

thy, A., et al. 

2

024 

Theoretical Analysis N/A Advocates for 

principled 

participatory 

approaches in AI 

development and 

governance. 

Mhlambi, 

S. 

2

022 

Policy Analysis AI policies 

and strategies 

Examines 

integration of 

ethics and 

diversity in AI 

policies across 

regions. 

McKinsey 2

024 

Industry Report Case 

studies 

Discusses how 

AI can improve 

lives and protect 

the planet with 

successful 

examples. 



Indian 

context 

 

Since 2022, over 60% of included studies have been published.  

Among empirical studies, quantitative:42%, quantitative:35% and mixed method: 23%.  
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Robertson, 

S., & Joshi, 

A. 

2

020 

Empirical Study Innovative 

organizations 

Investigates 

the role of 

cultural factors in 

fostering 

innovation during 

AI 

implementation. 

Robert, L. 

P., et al. 

2

020 

Literature Review Analysis of 

existing 

research 

Identifies bias 

and fairness 

issues in AI 

systems for 

employee 

management. 

Sambasiva

n, N., et al. 

2

021 

Qualitative Study Highlights 

limitations of 

Western-centric 

algorithmic 

fairness 

approaches. 

Sarkar, I., 

& Kaur, A. 

2

025 

Meta-analysis Organizati

onal culture 

studies 

Finds 

supportive 

organizational 

culture can 

mitigate AI-

induced social 

alienation. 

Saxena, A. 

K., et al. 

2

023 

Framework 

Development 

Cultural 

intelligence 

analysis 

Proposes 

framework to 

enhance cultural 

intelligence in AI 

systems. 

Venkatesh

, V., & 

Zhang, X. 

2

019 

Empirical Study Organizati

ons across 

cultural 

contexts 

Examines how 

power distance 

affects automated 

decision-making 

acceptance. 

Analysis of the included studies reveals several important patterns: 

1. Temporal trends: Publication dates show increase in interest on culture fair AI and sustainability. 

2. Methodological approaches: Studies were empirical (58%), theoretical (32%) and reviews (10%). 

3. Geography: Majority of studies are conducted in western settings. With North America :38% and 

Europe:32%. Limited representation from other regions include, Asia: 21%, Africa:6%and Latin 

America :3% which highlights a huge gap in literature.  



1. Algorithmic bias mitigation across cultural context 

2. Inclusive AI governance frameworks 

3. Cultural adaptation of AI driven decision -making 

 

4. Disciplinary origins: Publications disbursed computer sciences (41%), government/business (29%), 

ethics/philosophy (18%), and sustainability studies (12%) . Even though it is interdisciplinary it 

shows that technical and business perspectives are still very prominent.  
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Figure 2 Geographic distribution of research contexts in included studies 

4.2 Thematic Synthesis: Key Dimensions of Culture-Fair AI and Sustainable Management 

Four key dimensions emerged with thematic synthesis at the intersection of culture- fair AI and sustainable 

workplace management.  

 

4. Sustainability outcomes from culturally responsive AI systems. 
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Figure 3 Conceptual framework illustrating the relationship between culture-fair AI implementation and 

sustainable management outcomes 

4.2.1 Algorithmic Bias Mitigation Across Cultural Contexts 

Using a culture-fair artificial intelligence (AI) in the context of sustainable management in workplace 

environments has resulted in enormous organizational benefits. Multiple works document various strategies 

for minimizing algorithmic biases across cultural contexts, and these strategies are classified as technical and 

organizational mitigations. 

Technical Mitigating Factors Against Bias: 

Diverse training data: Organizations providing support in training large culturally diverse datasets report 

greater fairness in the AI performance. Organizations endowed with strengthened algorithmic bias mitigation 

procedures that concerned data, algorithms, and deployments would further enhance AI-enabled high-

performance human resource practices[22]. This finding was consistent with other research which showed 

significant differentials in performance by demographic group amongst commercial facial recognition 

systems[23]. 

Modifications to algorithms: Various studies have documented some methods to modify the algorithm to 

account for cultural variations. [4]Introduced CultureVLM, a series of vision-language models fine-tuned to 

grasp cultural nuances in more than 100 countries. Their work showed standard vision-language models 

badly perceive culturally significant symbols and gestures, given a super-majority of Western-centric training 

data. Thus, by introducing a wider cultural concept base into the training paradigm, CultureVLM develops 

the cultural understanding of the models in a much more successful manner. 

Post-processing techniques: Studies [13] how organizations implement post-processing fairness 

interventions to adjust algorithm outputs for greater cultural fairness, though these approaches often address 

symptoms rather than root causes of bias. 

 

Organizational Bias Mitigation Strategies: 

Cultural auditing processes: Multiple studies identified formal auditing mechanisms as effective for 

identifying and addressing cultural biases in AI systems before widespread deployment. 

Diverse development teams: Research consistently shows that culturally diverse AI development teams 

produce more culturally fair systems. For instance, it was found that teams with greater cultural diversity 

identified 37% more potential bias issues during development than homogeneous teams[16]. 
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Stakeholder consultation: Several studies document the value of consulting with diverse stakeholders 

during AI development. The Design Justice framework emphasizes the need for meaningful participation of 

marginalized communities in every stage of the design process.  

These findings signify  the importance of integrating both technical and organizational bias mitigation 

strategies. Such integration not only enhances the fairness and inclusivity of AI applications but also 

contributes to the general effectiveness and sustainability of organizational management practices. 

4.2.2 Inclusive AI Governance Frameworks 

Inclusive AI governance frameworks are essential for  making AI  culturally fair and implementation for 

sustainable management. The literature reveals several key dimensions of inclusive governance: 

Cultural Representation in Governance Structures: 

Research indicates that adopting diverse cultural perspectives into AI governance structures is crucial for 

aligning AI implementations with Sustainable Development Goals (SDGs), particularly SDG 8 (decent work 

and economic growth) and SDG 10 (reduced inequalities). Studies by Mhlambi (2022) . Progress towards 

SDGs may be potentially hindered if there is a lack of inclusivity in the ethical framework.  

Participatory Governance Approaches: 

Numerous studies document the benefits of involving stakeholders from various cultural backgrounds in 

AI governance decisions. There has been emphasis on moving beyond mere tokenistic inclusion to 

meaningful participation that genuinely influences AI design and implementation. Organizations 

implementing such approaches documented stronger employee buy-in and more culturally appropriate AI 

systems[24]. 

Adaptive Governance Frameworks: 

Research also emphasizes the significance of governance frameworks that can adapt to different cultural 

contexts. Static governance often does not work well in different cultural settings.On the other hand, flexible 

frameworks that understand cultural values, norms, and expectations tend to be more successful. 

Integration with Broader Organizational Governance: 

Research indicates that the best functioning AI governance mechanisms have been the ones integrated 

with the wider organizational governance mechanisms rather than being left to function as wholly 

independent organisms. Integration allows AI systems to link themselves with the organization and its values 

of cultural diversity and environmental sustainability. 

Synthesizing the results of different studies indicates that an inclusive backdrop for governance helps quite 

some in the attainment of both cultural fairness for AI systems and organizational outcomes concerning 

sustainability. In fact, organizations representing an entirely different spectrum of stakeholders stand to gain 

enormously in identifying potential cultural biases early on in their frameworks and remedying them through 

the appropriate mitigations, which leads to AI systems more closely tracking sustainability objectives. 

4.2.3 Cultural Adaptation in AI Decision-Making 

The literature reveals substantial insights into how cultural factors influence AI-driven decision-making 

processes and how organizations can adapt these processes for greater cultural fairness and sustainability: 

Cultural Influences on AI Perception and Acceptance: 
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Some of the concerns documented in the literature indicate that culturally-based identity differences show 

in how people respond to AI systems. People from individualistic cultural standpoints consider AI as kind of 

alien to them, in that its very presence disturbs their uniqueness and autonomy. Collectivist cultural 

standpoints, on the other hand, consider AI to be somehow a part of their being and hence foster a sense of 

conformity therein; that is, to the extent of helping in the concordance of AI with its ambient 

environment[25]. Such cultural distinctions significantly come into play as employees, placed in diverse 

motivational circumstances, use and benefit from AI technologies in different ways across separate work-

environments. 

Decision Support vs. Decision Automation: 

The cultural context impacts the right mix between AI as a decision support and an automated decision. 

For example, In high power distance cultures, automated decision-making may be accepted more easily, 

perhaps even reinforcing the existing hierarchies and inequalities[5]. In contrast, decision support methods 

that respect human agency and accountability may be more culturally appropriate and sustainable in cultures 

with low power distance. 

Localized Implementation Strategies: 

Research consistently shows that successful organizations implement culturally adaptive strategies when 

deploying AI tools. These include: 

1. Cultural contextualization: Tailoring AI interfaces, interactions, and outputs to align with local 

cultural norms and values 

2. Critical engagement training: Providing culturally tailored training on how to effectively engage 

with and appropriately challenge AI recommendations 

3. Feedback mechanisms: Implementing culturally appropriate mechanisms for users to provide 

feedback on AI systems, enabling continuous improvement 

 

The synthesis of findings states that cultural adaptation in AI decision-making goes beyond mere decision 

adaptation or interface adaptation and requires thorough contemplation about the extent to which culture 

influences human-human interaction. Those organizations that are able to succeed in this endeavor report 

increased employee commitment, higher acceptance of the AI implementation rollouts, and eventually the 

more sustainable results. 

4.2.4 Sustainability Outcomes from Culturally Responsive AI 

The literature documents various sustainability benefits associated with culturally responsive AI 

implementation: 

Economic Sustainability Outcomes: 

Various authors cite productivity and efficiency benefits accruing from the application of culture-based 

AI. For instance, organizations that offered culturally responsive HR functions passed organizational 

effectiveness in strategic HR, hence building on talent management and organization performance; some 

studies showed variations when measuring the extent of the economic sustainability indicators, yet the overall 

trend showed that culturally conscious AI stood on a positive position. 

Social Sustainability Outcomes: 

Implementation of culturally reputable AI has been shown to effectuate positive change through research: 
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1. Improved employee well-being: There have been reports indicating an improvement in employee 

satisfaction and a decrease in stress where the AI system respects cultural differences. Gayathri and 

Bella (2024) have shown that workload optimization with AI has increased the well-being and 

productivity of employees in Malaysian companies. 

2. Reduced inequity: Culturally friendly AI makes all the differences in terms of fair outcomes across 

cultural groups regarding workplace inequalities. 

3. Enhanced social cohesion: Several studies report an improvement in cross-cultural collaboration 

and team cohesion where AI systems allow for diverse cultural perspectives. 

Environmental Sustainability Outcomes: 

While less directly studied, research indicates that culturally fair AI can contribute to environmental 

sustainability through: 

1. Resource optimization: AI systems that incorporate diverse cultural perspectives on resource use 

often identify more sustainable approaches to resource allocation. 

2. Cultural-specific knowledge integration: Studies show that integrating indigenous and traditional 

environmental knowledge into AI systems can lead to more environmentally sustainable decisions. 

Sectoral and Regional Variations: 

The literature reveals important variations in how culturally fair AI contributes to sustainability across 

sectors and regions: 

1. Differences in sectors: The manufacturing sector is more inclined to systematically reduce bias; the 

service sector, in contrast, gives more importance to participatory approaches. Public bodies have a 

very strong link between the application of AI and sustainability aims based on the regulatory 

milieu, especially in laws-intensive environments. 

2. Regional differences: Sustainability aspects in AI governance are far more emphasized by the 

European organizations than North American organizations, whereas in contrast to that, there is an 

ingenious cultural adoption practice in Asian organizations, through which they establish very local-

as-in-localization relations to such AI systems from the former. 

These findings indicate that cultural fairness in AI is not merely an ethical imperative but also a strategic 

advantage for organizations pursuing sustainable management practices across different sectors and regions. 

5. Discussion 

The findings offer an invigorating viewpoint on the complex, yet promising interface between culturally 

fair AI implementation and sustainable management outcomes. The relationship between the culturally fair 

implementation of AI and sustainable management outcomes is complex and meaningful in its 

characteristics. The inclusion of cultural fairness in AI systems is not an issue to be considered ethically or 

morally, but it must be considered an imperative for any system similarly having to achieve sustainability 

across varying cultural trajectories.Four critical implications emerge from this analysis.  

5.1 Cultural Adaptation of AI Systems 
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AI needs to be integrated with the culture by technical and organizational interventions. On a technical 

level, this means employing heterogeneous training data and modifying algorithms to lessen undue biases. 

Such technical interventions alone will not suffice to properly address cultural issues unless organizational 

configurations exist that support cultural intelligence and encourage critical engagement with AI systems.  

Such an approach is in line with socio-technical concepts that point out the interrelationship between the 

technical and the social elements in putting technology into practice. The suggested  framework of sociology 

and technology in its effort is needed to make use of AI technology in organizations by recognizing the 

cognitive, relational, and structural complexities so as to consolidate sociotechnical capital[26]. 

The highest-level mature organizations implement a comprehensive approach which deals not only with 

technical and organizational practices but also with learned processes for continuous improvement. It is 

precisely from these organizations that the best sustainability outcomes of AI applications are likely to be 

obtained. 

5.2 Participatory Approaches to AI Governance 

In order to reach full cultural equity and sustainability, stakeholders representing various cultural 

dimensions must get into the entire design, implementation, and evaluation phases of AI systems. Indeed, 

participatory design techniques produce favorable results under their application for various sustainability 

dimensions in corporate design. There has been a need to transcend mere considerations of diversity in the 

stakeholder participation processes. This participatory approach not only enhances the inclusion of 

stakeholders but would also increase the potential for acceptance and sustainability of such AI systems since 

their long-term designs and actual implementations would reflect the values, needs, and views of various 

cultural groups. 

5.3. Expanded Conceptualizations of AI Fairness 

Different AI fairness measures are often typically constituted around Western social standards, raising ill-

defined constitutional questions in different cultural settings. Intercultural Digital Ethics (IDE) attempts to 

introduce a variety of cultural references into the ethical discourse. Hence, it aims at ethical pluralism and 

cross-cultural awareness. The special issue on Intercultural Digital Ethics illustrates the need to include a 

wide array of cultural and social and structural perspectives into digital ethics and hence advocates a 

pluralistic approach to ethical AI governance. This broader concept of fairness permits the coexistence of 

multiple cultural interpretations within AI governance frameworks, brokering exit from the realm of 

universalism-which may privilege certain cultural perspectives in quite unintended ways. 

5.4 Advancing Sustainable Development Goals 

A number of sustainable development goals (SDGs) can be improved by implementing AI systems that 

are culturally sensitive. Organisations can accomplish synergies between social and environmental 

sustainability goals by valuing cultural diversity and allocating resources as efficiently as possible. A 

framework that combines cultural intelligence and linguistic variety in Ai systems can guide the development 

of technology. This approach will help in fostering international understanding and collaboration. [27]. 

 6. Limitations and Research Gaps 

The present stage of research has a number of limitations that need to be recognized. Firstly, African, Latin 

American and a few Asian viewpoints are not well represented in the literature, which is still largely biased 

towards Western organizational frameworks. Specifically, sub-Saharan African contexts are almost entirely 

absent from the literature, while Southeast Asian and indigenous perspectives are significantly 

underrepresented. This geographical imbalance limits our understanding of how cultural fairness in AI 

manifests in diverse global contexts. 
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Second, the rapid evolution of AI technologies means that studies examining older systems may not fully 

reflect current capabilities and challenges. In particular, there is a notable gap in research examining newer 

generative AI applications and large language models in cross-cultural workplace contexts, leaving critical 

questions about their cultural implications unanswered. 

Third, methodological heterogeneity across studies complicates direct comparisons of findings. The field 

lacks standardized assessment frameworks for evaluating cultural fairness in AI systems across different 

organizational and cultural contexts. 

Several critical research gaps emerge from our review: 

1. Intersection of Culture and Sustainability Outcomes: Research on how culturally fair AI 

specifically impacts different dimensions of sustainability (environmental, social, economic) 

remains underdeveloped, with limited empirical evidence linking cultural sensitivity to measurable 

sustainability outcomes. 

2. Power Dynamics in Cross-Cultural AI Implementation: Questions regarding how existing power 

imbalances between cultural groups influence AI implementation and governance remain largely 

3. AI Application Domains: Some AI application areas, particularly human resource management 

and customer service, are well-represented, while others such as supply chain management, 

environmental monitoring, and community engagement have received minimal research attention 

despite their significance for sustainability. 

4. Longitudinal Studies: There is a stark absence of longitudinal research examining the long-term 

impacts of culturally sensitive AI implementations on organizational sustainability and cultural 

dynamics. 

Future research should address these limitations through more geographically diverse studies, examination 

of cutting-edge AI applications, and development of standardized assessment methodologies. Particular focus 

should be given to literature that examine the dynamics of the Global South and how culturally equitable AI 

might be applied in settings with limited resources.  

7. Conclusion 

     Thirty-four peer-reviewed publications were included in this systematic review, which assessed several 

culturally equitable AI and Sustainable Workplace Management implementations. The findings demonstrate 

the importance of culturally responsive AI systems in attaining sustainable management results, even if an 

AI system is initially effective, it tends to eliminate the maintenance as soon as it is implemented. Approaches 

to reduce algorithmic bias in relation to different cultural contexts, inclusive governance framework, cultural 

adaptation of AI mediated decision making processes and sustainable development outcomes resulting from 

cultural responsiveness were found to be the four most important themes. 

   Both theoretical development and real world applications are supported by the evidence compiled in this 

review. For researchers, the findings highlight promising directions for further investigation, particularly 

regarding expanded conceptualizations of fairness that explicitly incorporate cultural dimensions, 

longitudinal studies of sustainability impacts, and development of culturally sensitive governance 

frameworks. 

Practical Implications for Organizations 

Our findings offer several concrete recommendations for organizations seeking to implement culturally 

fair AI systems that enhance sustainability: 

1. Conduct Cultural Audit Before AI Implementation: Organizations should systematically assess 

their cultural context and stakeholder diversity before selecting or designing AI systems, ensuring 

alignment between technological capabilities and cultural values. 



reporting on a regular basis. 

2. Implement Inclusive Governance Structures: Establish governance committees with diverse 

cultural representation and clear authority to influence AI system design, implementation, and 

evaluation phases. 

3. Adopt Culturally Adaptive Training Data Practices: Culturally diverse training datasets are to 

be invested in by organizations, and such AI systems must further undergo regular cultural bias 

audits, especially when deployed in different cultural contexts. 

4. Develop Cultural Fairness Metrics: Along with conventional performance indicators, culture-

specific fairness metrics need to be defined and measured and used in system evaluation and 

5. Build Cross-Cultural AI Teams: Have cultural diversity in the technical teams responsible for 

developing and managing AI systems and expose all team members to some form of cultural 

competency training. 

6. Create Cultural Feedback Loops: Allow for continuous feedback from stakeholders regarding the 

cultural aspects of AI systems, with defined procedure on integrating those feedback results into the 

improvements of these systems. 
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These practical steps provide a roadmap for organizations to harness AI technologies in ways that respect 

cultural diversity while advancing into the many faces of sustainability. 

As AI systems have become increasingly prevalent in workplace contexts, their capacity to accommodate 

diverse cultural perspectives will significantly influence organizational sustainability. This review suggests 

that culture-fair AI is not merely an ethical imperative but a strategic necessity for organizations seeking to 

thrive in culturally diverse environments while meeting growing expectations for sustainable management 

practices. By integrating cultural fairness considerations into AI development, implementation, and 

governance, organizations can harness these powerful technologies to create workplaces that are both more 

inclusive and more sustainable. 

Future research should consider emerging AI technologies in relation to culture fair practices, development 

of culturally standardized assessments procedures for culture -fair AI and also look into the long-term effects 

of culturally sensitive AI on organizational sustainability. There is also a call to do more studies on 

underrepresented fields such as organizations in the Global South and organizations at the intersection of 

multiple cultural frameworks. Collaboration between academics and professionals can ensure AI enhancing 

workplaces which are culturally inclusive and sustainable.  
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