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Diversity can be a double-edged sword for organizations and the labour force. Positively, it fosters creativity and innovation (Hossain et al., 2020) and enhances performance (McMahon, 2011). Conversely, it correlates with negative outcomes such as increased conflict and diminished cooperation (Chatman et al., 1998).  The extent to which diversity benefits an organization depends on how it is managed (Ely & Thomas, 2020). Generative artificial intelligence (GenAI; Melnyk et al., 2023) has rapidly expanded into human resource and management (HRM) functions, posing both a challenge and an opportunity for Diversity, Equity, and Inclusion (DEI) management (Mujtaba & Mahapatra, 2024). Like workplace diversity, GenAI can also be a double-edged sword for organizations: if left unchecked, it can lead to negative consequences, but when well-managed, it may offer transformative benefits (Khan et al., 2024). This chapter will explore three key areas: (1) the risks of GenAI on marginalized groups; (2) its potential to improve DEI in HRM; and (3) actionable recommendations for policymakers, leaders, and researchers.
Probable Risks 
GenAI integration will likely revolutionize the labour force in similar scope to the Industrial Revolution and digital revolutions (Makridakis, 2017). Both revolutions initially exacerbated inequalities. The Industrial Revolution marginalized women by restricting them to lower-paying roles, diminishing the value of domestic labour and curbing their opportunities for career growth (Burnette, 2008).  It also reinforced racial segregation in the labour market (Makridakis, 2017). For example, African Americans were confined to low-paying jobs despite urban migration en masse during this period (Nystrom et al., 2011). Similarly, the digital revolution in 1990s brought about a high-paying technology sector dominated by hegemonic White males, with women and people of color structurally excluded. This exclusion discouraged their participation in emerging technology fields (Roy, 2024; Gilbert & Masucci, 2005). As a result, early digital culture and technology development often ignored the experiences and needs of marginalized communities (Plant, 1997), contributing to their underrepresentation or exploitative portrayals (Ahmed, 2023). Altogether, historical analyses suggest that unequal access and education about GenAI could further deepen inequalities (Makridakis, 2017).
In addition to potentially displacing specific populations from the economically viable portion of the labour force, the ubiquitous adoption of GenAI in HRM may worsen existing discrimination through increased bias. There is an emergent myth that GenAI can produce unbiased output due to underlying impartial algorithms and the absence of direct human bias from users, but this claim simply lacks any empirical support (Seppälä & Małecka, 2024). A recent review on GenAI in recruitment has found transference of human bias from GenAI models’ training data to the resulting model output (Chen, 2023a). Other studies found that AI recruitment models disproportionately favour men over women (Lambrecht & Tucker, 2019), and that GenAI models cannot ignore irrelevant demographic information to assess job candidates objectively (Drage & Mackereth, 2022; Mirzadeh et al., 2024). Prominent business cases include Amazon’s recruitment AI, which exhibited gender bias against women (Dastin, 2018); the COMPAS algorithm in the US justice system, which disproportionately flagged people of color as high risk for reoffending (Dressel & Farid, 2018); and Workday’s recruitment AI, accused of discriminating based on race, age, and disability (Wiessner, 2024). As evidenced by these past cases, even with the best intentions, GenAI can cause harm without adequate human oversight and ethical guidance (Ashok et al., 2022). 
Potential Opportunities 
Although the Industrial and digital revolutions worsened inequalities, they also laid foundations for marginalized groups’ empowerment. The Industrial Revolution gave women access to wage labour, which allowed for their financial independence (Berg & Hudson, 1992). Critical scholars linked the Industrial Revolution to securing women’s suffrage, and political empowerment for both women and other minorities (Berg, 1992). Similarly, the digital revolution brought forth new technologies that enabled participation of marginalized groups in employment spaces that previously excluded them (Mehra et al., 2004). GenAI capabilities have already been used to empower marginalized populations in the employment context. In the U.S. and Switzerland, an algorithm-driven job matching tool helps refugees by assigning them to optimal resettlement locations (Bansak et al., 2018). AI-driven prosthetics can enable employment previously inaccessible to those living with physical disabilities, and AI-assisted training environments can be more inclusive for those with different cognitive and developmental needs (Almufareh et al., 2024). GenAI has also been used to preserve and teach Indigenous languages (Adebayo et al., 2024). 
From the perspective of HRM leaders, GenAI may enable promising opportunities to enhance DEI management, particularly in areas such as training, data analytics, and intergroup communication. For instance, GenAI can simulate diverse personas to facilitate training in feedback delivery, conflict resolution, and interviewing (Bano et al., 2024). Additionally, GenAI can make human resource analytics more accessible to smaller organizations, enabling evidence-based DEI strategies. It can also serve as a neutral intermediary to facilitate communication between adversarial groups, delivering messages in neutral and non-hostile ways (Capraro et al., 2024; Argyle et al., 2023). While evidence on how GenAI can be used to advance DEI is limited, we posit that GenAI’s potential is best harnessed when it is used as a tool to compliment human oversight, rather than as the sole basis for decision-making. 
Calls to action
By presenting both risks and opportunities, we emphasize that although AI presents exciting opportunities to enhance workplace DEI, we must proceed with caution and engage in intentional management to integrate GenAI into HRM practices. We call on policymakers, organizational leaders, and researchers to collaborate to design and implement multi-sector strategies to ascertain equity in the GenAI-driven future.
Policymakers 
With urgency, we call on policymakers to 1) equalize GenAI access and literacy, 2) fund census collection and interdisciplinary research on GenAI’s impacts, and 3) roll out policies and guidelines to reduce algorithmic bias in HRM practices. Policymakers must prioritize making GenAI literacy more accessible by funding public education initiatives (e.g., community workshops, digital resources) that empower workers to use these tools and equip employers to better understand the limitations of using GenAI tools in HRM. Policymakers, in collaboration with professional associations and grassroots groups, can take proactive steps to ensure marginalized communities have equitable access to GenAI literacy and tools. Collecting census data is essential to measure GenAI’s social and economic impacts, particularly on marginalized groups, and to identify barriers to AI access and familiarity across social groups.
While current legislation may protect employees against certain discriminatory HRM practices, it is unclear whether employees are protected from GenAI-induced bias (Yang, 2021). Policymakers should implement guidelines and legislation aimed at reducing algorithmic bias in HRM practices (e.g., audit requirements, human oversight, DEI certifications for GenAI tools). We urgently call for policies banning GenAI-driven HRM decisions without individuated human oversight and restricting GenAI model's access to sensitive data without legal oversight. For instance, the U.S. Department of Government Efficiency’s recent use of sensitive federal data to automate federal worker terminations is unethical and should be outlawed (Natanson et al., 2025). Going forward, we call on policymakers to allocate resources for interdisciplinary research between GenAI and social sciences, so we may better understand and guide its societal and organizational impacts.
Organizational leaders 
	While GenAI tools have expedited many aspects of HRM practices, we urge organizational and industry leaders to 1) evaluate GenAI tools for potential bias; 2) educate themselves on the risks of algorithmic bias and how it may disenfranchise already marginalized groups, which can potentially undercut their organization’s reputation, DEI goals, and innovation performance; 3) clearly communicate their organization’s usage of GenAI; and 4) establish internal policy for the transparent usage and iterative evaluation of GenAI. It is critical that when organizations use GenAI tools for consequential HRM processes, these tools are audited and monitored diligently. Organizational leaders must develop expertise to critically assess GenAI tools alongside developers and compare their DEI impact with those with traditional methods (Edwards & Rodriguez, 2019; Howard & Schulte, 2024). Additionally, those deploying AI within organizations should communicate how these tools are used to relevant stakeholders. For example, when AI use is planned in any stage of the recruitment process, this should be communicated to applicants (Chen, 2023b). Organizations should develop policies for using these GenAI tools that establish an ethical framework, mandate transparency measures, and ensure regular evaluations of these processes (Yanamala, 2023). 
It is also important to note that as of early 2025, organizations in the United States face growing legal and political pressure to renounce DEI programs (Wiessner, 2025). Although not to the same magnitude, similar backlash can be observed in other parts of the world, as many countries experience a significant surge toward right-wing authoritarianism that denounces DEI efforts (Beauchamp, 2024). To navigate this, they can: 1) adopt independent AI auditing frameworks less susceptible to political influence;[footnoteRef:2] 2) employ bias-vetted GenAI tools; and 3) adopt a more discreet approach, such as framing efforts as “GenAI tool validation” rather than explicit DEI management. [2:  Independent AI auditing frameworks, such as IEEE CertifAIEd™ (IEEE, n.d), ISO/IEC TR 24027:2021 (ISO, 2021), and NIST AI 600-1 (NIST, 2024), assess AI bias and fairness without overt DEI branding. Framing their use as risk management can help organizations avoid political backlash. ISO, a Switzerland-based NGO, may offer greater continuity and stability amid shifting political landscapes.] 

Researchers 
We call on researchers to 1) further investigate organizational impacts of algorithmic bias in GenAI and strategies to mitigate those biases; 2) create more equitable and inclusive GenAI models through multidisciplinary collaboration; 3) develop evidence-based suggestions to inform public policies and HRM practices; and 4) explore how GenAI can enhance DEI initiatives from recruitment to career advancement in order to reduce disparities for marginalized workers (e.g., by lessening training gaps; Capraro et al., 2024). We call for large scale studies that evaluate bias in AI as a means of driving policy changes and raising public awareness. With the rapid proliferation and diversification of GenAI tools in HRM, it has become increasingly urgent to establish a validated strategy capable of identifying and mitigating potential algorithmic bias. 
This area of research is interdisciplinary in nature. We implore academics to bridge the gap between disciplines. Scholars in the areas of DEI and management will greatly benefit from understanding the development processes for these AI models. Conversely, scholars in machine learning and computer science may benefit from implementing DEI practices in their development processes. This collaboration will enable the creation of more equitable AI models, as well as facilitate the development of best practices for AI usage within organizations. Lastly, going beyond bias mitigation, we call researchers to explore innovative ways to how GenAI can empower DEI management, such as studying how GenAI tools can complement existing DEI training, practices, and strategies. As many organizations move away from devoting resources on DEI management during the latest wave of DEI backlash, it is imperative that researchers who are still afforded organizational support or academic freedom to continue the important work investigating equitable implementation of GenAI for all. 
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