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1. Chpater 1: Introduction

1.1 Research Background

Advances in Al have begun to transform how companies approach layoffs, with many high-profile
organizations embracing data-driven decision systems in human resource management. In recent
years, the business world has witnessed two parallel trends: skyrocketing investments in Al
capabilities and waves of mass layoffs . Strikingly, the same companies often appear in both
narratives. For example, tech giants like Amazon and Microsoft have been simultaneously touting
Al innovations and cutting thousands of jobs. In late 2025, Amazon announced it would eliminate
14,000 corporate roles, explicitly citing “rapid advances in AI” that enable faster innovation and a
leaner organization . Microsoft, around the same time, undertook its biggest layoffs in years
(approximately 6,000 employees) as it doubled down on Al integration, aiming to remove layers
of management and stay agile in an Al-driven market . Oracle similarly has restructured its
workforce, eliminating thousands of positions to refocus on cloud and AI development while
cutting legacy operations . This convergence of Al adoption and headcount reduction is not
coincidental — a global survey by the World Economic Forum found 41% of companies expect to
reduce their workforce within five years due to AI’s rise . In essence, many employers are betting
that intelligent algorithms can boost productivity and replace certain human roles, prompting
“strategic” layoffs even in times of strong profits .

This trend is global, but its impact is also being felt in the Middle East. The Gulf region, for
instance, is rapidly embracing automation and Al in business. Middle Eastern tech and telecom
firms are beginning to implement Al solutions in operations that could threaten administrative and
even engineering jobs . Regional experts caution that the wave of Al-triggered layoffs seen in the
U.S. “will soon ripple through the Gulf job market” . An example comes from the UAE, where
recruiters note that tasks once handled by teams (like certain design or quality checks) are now
done by Al in minutes, potentially rendering many positions redundant . At the same time, some
Middle Eastern organizations are responding more cautiously — for instance, by retraining staff
with Al skills rather than outright replacing them — but cost pressures make layoffs an enticing
option when one Al system can do the work of several employees . Thus, understanding how Al-
driven layoffs play out is not only a Western concern but also highly relevant in regions like the
Middle East that are keen on technological leapfrogging.




1.2 Problem Statement

The core problem addressed by this research is the potential injustice and human cost associated
with Al-driven layoff decisions. While Al algorithms promise objectivity, there is mounting
evidence that they can make unfair or opaque choices when deciding who loses their job . The
“black box” nature of Al means employees often do not understand why they were selected for
layoff, breeding perceptions of arbitrariness. In some cases, heavy reliance on data can lead to
erroneous selections — for example, an algorithm might target employees with lower recent output
without context, as infamously occurred when a 25-year Microsoft veteran (an individual with
autism and multiple sclerosis) was “randomly selected by a computer algorithm” for termination
despite decades of loyal service . Such cases highlight how automated processes may overlook
important human factors (like an employee’s institutional knowledge or personal circumstances),
raising ethical and legal questions. Bias in Al is another concern: if the underlying data reflect
historical prejudices, the algorithm might disproportionately flag certain groups (such as older
workers or those who took medical leave) for layoffs, replicating discrimination under the guise
of objectivity . This not only is unjust on an individual level, but also exposes companies to
wrongful termination claims and reputational damage.

Beyond the direct selection issues, Al-led layoffs affect the morale and trust of the remaining
employees. A critical problem is the psychological impact on workers who witness colleagues
being let go by an impersonal algorithm. Employees may feel they are evaluated as mere data
points, which can erode their trust in leadership and their sense of job security . Research and
expert commentary suggest that layoff decisions perceived as automated or purely cost-driven
“fundamentally break the trust” between workers and management . When people believe that
“years of expertise are now expendable” at the whim of a machine, their commitment and
engagement plummet . This problem has broad organizational implications: traumatized or
demoralized survivors are less likely to be productive or innovative. Indeed, studies have shown
that large-scale downsizing can stifle innovation, especially when combined with major
technological changes — employees become risk-averse and disengaged when they fear being the
next to be replaced by Al . In summary, the research problem revolves around a paradox: the same
Al tools intended to improve efficiency in management’s layoff decisions may be creating new
inefficiencies in the form of decreased morale, loss of trust, potential bias, and deterioration of the
organizational culture.




1.3 Significance of the Study

Understanding this phenomenon is highly significant for both theory and practice. From a
managerial perspective, companies are embracing Al in HR decisions at a rapid pace — a recent
survey of HR leaders found 98% plan to use software or algorithms to help make layoff decisions
. This represents a sea change in how employment decisions are made, yet academic research is
only beginning to catch up with examining the consequences. By focusing on Al-driven layoffs,
this study will shed light on an emergent practice that could redefine workforce management
across industries. The findings will be especially relevant to organizations in technology-intensive
regions (like the Middle East’s growing tech sector) where enthusiasm for Al solutions runs high.
As Middle Eastern firms invest in Al, they need frameworks to implement these tools ethically
and effectively in HR; otherwise, they risk importing approaches that alienate their workforce or
conflict with local labor norms. The conceptual insights from this research can guide leaders in
striking a balance between innovation and responsibility.

The study’s significance is also grounded in its implications for fairness and legal compliance.
With growing concerns about algorithmic bias, this research can contribute to the discourse on
how to ensure equitable treatment of employees. It may inform guidelines or best practices, for
example advocating for human oversight in algorithmic layoff decisions and transparency in how
criteria are applied . Regulators and policymakers are increasingly scrutinizing Al in employment;
in the U.S., the Equal Employment Opportunity Commission has clarified that employers remain
liable for Al-driven hiring or firing decisions under discrimination laws . Thus, organizations have
a strong incentive to understand potential pitfalls. By identifying where Al-based layoffs might go
wrong (e.g. inadvertently targeting protected groups or high-value talent), this research can help
preempt costly mistakes and lawsuits.

Finally, there is a human significance. Layoffs are deeply traumatic events for individuals and
communities. If Al usage makes this process more cold or error-prone, the harm is magnified.
Conversely, if handled carefully, AI might be used to support fair decision-making (for instance,
by analyzing a wider range of performance data to reduce personal bias). This study, therefore, is
significant in exploring how to harness AI’s benefits in downsizing while safeguarding human
dignity. It aims to contribute to a conceptual framework that academics, business leaders, and HR
professionals can use to navigate the new territory of “algorithmic layoffs.” In doing so, it
addresses a timely question: How can we integrate Al into management decisions in a way that
improves efficiency without sacrificing ethics, fairness, and employee trust?




Chapter 2: Research Questions

This research will investigate several key questions to address the above problem and
objectives:

1. How has Al changed the way top management makes decisions in employee layoffs?

2. What is the scope of selection criteria used by Al in layoff decisions, and what potential
errors or biases can arise?

3. Why do organizational leaders perceive Al-driven layoffs as a better solution or
advantageous approach?

4. What are the impacts of Al-driven layoffs on remaining employees’ feelings, trust, and
morale?

5. In what ways might Al-driven layoff decisions be unjust, and how do these perceptions of
injustice manifest?

6. How can organizations mitigate the risks of Al-driven layoffs?




Chapter 3: Research Objectives
In line with the questions above, the study’s objectives are as follows:

e Objective 1: To examine and describe how Al technologies have transformed decision-
making processes for layoffs at the managerial level. This includes identifying the types of
Al tools used (e.g., machine learning algorithms for performance analysis) and how they
influence or even override traditional managerial judgment in selecting employees for
redundancy.

e Objective 2: To identify the criteria and data that Al-driven systems utilize in layoff
selections, and to analyze potential shortcomings (biases or errors) in these criteria. This
involves understanding the scope of selection — for example, whether the Al focuses on
performance metrics, salary costs, skill overlap, or other features — and evaluating the
adequacy and fairness of these parameters.

e Objective 3: To investigate the rationale from management’s perspective for adopting Al
in layoff decisions. The study aims to uncover why leaders see this approach as beneficial:
is it for efficiency, consistency, cost savings, or to project an image of technological
leadership? Part of this objective is to assess claims that Al-based layoffs improve
objectivity and whether managers believe it reduces personal bias or emotional difficulty
in layoff decisions.

e Objective 4: To assess the impact of Al-driven layoff practices on employee attitudes —
specifically, their sense of fairness, trust in leadership, and morale. A key goal is to measure
or qualitatively gauge how remaining employees feel knowing that layoffs were
determined by algorithms. This objective will document any evidence of lowered
engagement, increased anxiety or “survivor’s guilt,” and changes in perception of the
employer (e.g., do they see management as caring less about people?).

e Objective 5: To evaluate the ethical and legal implications of algorithmic layoffs and to
formulate recommendations or considerations for organizations. While primarily a
conceptual exploration, the study intends to highlight best practices (such as maintaining
human oversight of Al decisions or ensuring transparency to employees about how
decisions were made) as a roadmap for companies. This objective ensures the research not
only diagnoses problems but also points toward solutions or safeguards.

e Objective 6: To develop a conceptual framework that links the use of Al in layoff
decision-making with its outcomes (both positive outcomes like efficiency and negative
outcomes like perceived unfairness). This framework will serve as a foundation for
hypothesizing relationships and can guide future empirical studies.

By achieving these objectives, the research will provide a well-rounded analysis of Al-driven
layoffs — covering the impetus for their use, the mechanics of how they function, and the
consequent effects on people and organizations.




Chapter 4: Conceptual Framework and Hypotheses

Building on the background above, this study proposes a conceptual framework to analyze Al-
driven layoff decisions and their outcomes. The framework centers on the idea that Al integration
in the layoff process is a double-edged sword — it offers certain benefits to management while
simultaneously introducing risks and negative consequences for employees. By explicitly
modeling these relationships, we can derive testable hypotheses.

4.1 Research Hypothesis

The primary research hypothesis (comprising the overall proposition of this study) can be stated
as follows:

Ho: Al-driven decision-making in organizational layoffs significantly improves managerial
efficiency and objectivity without adversely affecting perceived fairness or employee morale.
(Null Hypothesis)

Hi: Al-driven decision-making in organizational layoffs, while improving managerial efficiency,
tends to reduce perceived fairness of the process and undermine employee trust and morale
compared to traditional human-led layoffs. (Alternative Hypothesis)

In simpler terms, the working assumption of this research (H:) is that there is a trade-off between
the gains for management and the costs to employees when using Al for layoffs. Management may
see faster execution and data-backed justification for cuts (an upside), but employees are likely to
view the process as less fair and less humane (a downside), leading to negative attitudinal
outcomes.

This broad hypothesis can be broken down into more specific sub-hypotheses aligning with the
research questions:




e H1: Organizations that utilize Al algorithms for layoff selection will experience lower
perceived procedural fairness among employees regarding those layoffs, compared to
organizations that rely solely on human decision-making. (Al usage — perceived fairness:
negative effect)

e H2: The use of Al in determining layoffs is associated with a decline in trust in upper
management and reduced morale among remaining employees, relative to layoffs
perceived as decided by human managers. (Al usage — employee trust/morale: negative
effect, potentially mediated by fairness perceptions)

e H3: Management’s decision-making efficiency and confidence in the layoff process is
higher when aided by Al analytics than when using subjective judgment alone. (Al usage
— management’s perceived efficiency/objectivity: positive effect)

o H4 (Exploratory): If Al-driven layoff tools lack transparency or are believed to be biased,
the negative impact on employee attitudes (fairness, trust) will be more severe. Conversely,
if the Al-driven process is accompanied by clear communication and human oversight, the
negative impact will be mitigated. (This hypothesis is more conditional, examining
moderators like transparency/oversight in the Al process.)

These hypotheses will be explored conceptually and, where possible, with empirical data in the
project. The expectation is to find evidence supporting the alternative view (H: and its
components): that Al-driven layoffs do carry hidden costs in terms of fairness and morale that
managers must account for.

4.2 Development of the Conceptual Model

The conceptual model underlying our hypotheses can be visualized as follows. It links the
independent variable, Al-driven layoff decision process, with two sets of dependent variables: (1)
management outcomes (efficiency, cost savings, perceived objectivity of the process) and (2)
employee outcomes (perceptions of fairness, trust in management, morale/engagement).
Additionally, the model considers intermediate factors like perceived fairness as a mediating
variable influencing employee outcomes, and factors such as algorithmic transparency or bias as
moderating variables that could influence the strength of these relationships.

Al-Driven Layoff

Decision Process

/

+) )

Management Outcomes Perceived Fairness of Layoff Process | ()

(+) ’

Employee Outcomes

Figure 1. Conceptual research model linking Al-driven layoff decisions to management outcomes and employee outcomes.
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In Figure 1, the central node “Al-Driven Layoff Decision Process” represents the introduction of
algorithms or Al decision-support tools into the layoff selection procedure. The green arrow
toward “Management Outcomes” indicates the often-cited benefits: Al can quickly analyze data
on thousands of employees, identify redundancy patterns, and thereby help management execute
layoffs more efficiently (with potential cost reduction and fewer perceived personal biases). The
red arrow toward “Perceived Fairness of Layoff Process” illustrates the proposition that this same
Al-driven approach tends to reduce employees’ perception that the layoffs were conducted fairly.
Reasons include the opacity of the algorithm, the one-size-fits-all nature of automated decisions,
and the lack of personal consideration, which all detract from procedural justice in the eyes of
employees . The “Employee Outcomes” box (trust and morale) is connected to fairness with a
black arrow, as fairness perceptions strongly drive how much employees trust leadership and
maintain morale after layoffs — a well-established relationship in organizational justice theory.
Finally, the dashed red arrow from the Al process directly to Employee Outcomes suggests there
may also be a direct negative effect of Al usage on morale/trust (for instance, employees might
fear or dislike Al involvement, even if they don’t explicitly identify fairness issues).

It’s important to note that this is a simplified model. In practice, other variables could play a role.
For example, communication quality might moderate how Al-driven layoffs are received — if
management clearly communicates why layoffs are needed and how Al was used responsibly,
employees may accept it more. Another factor could be the economic context (if a company is
clearly struggling, any kind of layoff might be seen as more justified). However, the core
framework is designed to isolate the impact of Al involvement itself on the outcomes of interest.

The conceptual framework sets the stage for examining our hypotheses: we anticipate empirical
indicators that, for instance, companies using Al in layoffs see an uptick in efficiency metrics (like
speed of decision, consistency across departments) but also see a drop in employee sentiment
metrics (like employee satisfaction or trust in leadership surveys). The research will seek to gather
evidence supporting or refuting these linked outcomes, and the framework will help in organizing
the analysis and discussion around these key linkages.
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Chapter 5: Research Model

The research model derived from the above framework serves as a blueprint for investigating the
relationships between Al-driven layoffs and various outcomes. It will guide what data to collect
and how to analyze it. The model can be summarized as follows:

e Independent Variable (IV): Adoption of Al in layoff decision-making (this could be
operationalized as a binary indicator — Al-assisted vs. purely human decision, or a
continuum of how heavily Al is relied upon).

e Mediating Variable: Perceived fairness of the layoff process (as reported by employees).
This reflects procedural justice and will mediate between the IV and some DVs.

e Dependent Variables (DVs): (a) Management outcomes — e.g., efficiency of the layoff
process, decision accuracy, cost savings, post-layoff productivity from management’s
perspective; (b) Employee outcomes — e.g., remaining employees’ trust in management,
morale, engagement levels, and possibly turnover intention among survivors.

e Moderating Variables (potential): Transparency of the AI process (high vs. low
explanation provided), presence of human oversight (yes vs. no final managerial review),
severity of layoff (% of workforce cut), and cultural context (e.g., Middle East vs.
elsewhere, which might influence expectations around layoffs).

In the research model, we posit direct effects such as: AI use — lower fairness perception, Al
use — higher efficiency, fairness perception — higher trust/morale. We also consider the
possibility of an interaction: for example, if no human oversight is present, the effect of Al use on
fairness perceptions might be especially strongly negative (lack of a “human check” could
exacerbate feelings of unfairness).

Testing this model empirically would ideally involve collecting data from organizations that have
implemented Al in layoffs and comparing them to those that have not, or surveying employees
about their experiences and perceptions in scenarios of Al-driven vs. traditional layoffs. Given that
this project is primarily conceptual, we will use illustrative data and case evidence to support the
model’s links. The model nonetheless provides a clear structure for the research and aligns with
the hypotheses H1-H4 stated above.
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Chapter 6: Suggested Organization:

One concrete suggestion is a case study on the Middle East operations of a tech giant like Amazon.
Amazon’s late-2025 announcement of 14,000 job cuts globally was partly justified by Al-driven
efficiency , and UAE media have discussed its implications locally . Interviews or surveys could
be conducted with Amazon Middle East employees to capture their awareness and feelings about
Al’s role in the layoffs. Another approach could be an industry-wide survey in the Middle East
tech sector, asking managers and employees anonymously about whether they use or have
experienced Al-influenced HR decisions (including layoffs or terminations).

12



Chapter 7: Research Methodology

The methodology for this research will be designed to explore the conceptual model and
hypotheses through a combination of qualitative and quantitative approaches (a mixed-methods
approach). Given that this is a Bachelor’s level project and largely conceptual, the methodology
emphasizes understanding perceptions and relationships rather than extensive statistical proof.
Below is an outline of the methodological approach:

7.1 Research Design

The study will adopt a descriptive and exploratory research design. It is descriptive in that it aims
to systematically describe how Al is being used in layoff decisions and what effects that has, and
exploratory in that this is a relatively new phenomenon without established measures for some
constructs (like “feeling under robot control). The research can be framed as a comparative case
analysis if focusing on a specific organization or as a cross-sectional survey study if broader
participation is obtained.

Given the conceptual nature, the project might start with qualitative inquiry to flesh out the issues,
followed by a survey for quantification:

e Qualitative Component: Conduct semi-structured interviews or focus groups with two
key populations: (a) managers or HR professionals who have experience with (or
knowledge of) Al-driven layoff tools, and (b) employees who have gone through a layoff
(or narrowly survived one) in which Al was perceived to play a role. The qualitative data
will help validate assumptions (e.g., do employees indeed feel the process is less fair?) and
might uncover additional variables or moderating factors (like how communication was
handled).

¢ Quantitative Component: Design a survey questionnaire to measure constructs from the
conceptual model. For example, survey items could assess perceived fairness (using
adapted items from existing organizational justice scales), trust in management (using
standard trust scale items), morale/engagement (perhaps a short form of an employee
engagement scale), and a binary or scaled item on whether respondents’ last layoff
experience involved an algorithmic element. If the study is focused on one organization,
the survey could compare responses between those who think an Al was involved vs. those
who think not (or before vs. after Al adoption if there was a known change in policy).

The research design thus triangulates insights: interviews for depth and context, and surveys for
breadth and correlation testing. If resources permit, we could also gather some secondary data —
for example, company documents or announcements about the layoffs (to see how they justified
it), or anonymized data on performance vs. layoff outcomes to detect any patterns that an Al might
have produced (this would be more feasible if partnering with the organization’s HR).

13



7.2 Population and Sample

The target population is essentially employees and managers in organizations that have undergone
layoffs potentially influenced by Al. For practical reasons, the sample will likely be a convenience
sample focusing on the Middle East region (as discussed). If a single organization case study is
chosen, the sample would be drawn from that company’s workforce. For instance, all employees
(remaining and perhaps some who were laid off, if contactable) at the Middle East branch of the
chosen company could be invited to participate in the survey. Interviews might be done with a
smaller subset of that group, plus possibly corporate HR managers.

If a broader sector approach is used, the sample might include participants from multiple
companies in the tech sector who have experienced or implemented Al-based workforce analytics.
We might reach them through LinkedIn professional groups or alumni networks.

Sample Size: Qualitatively, aiming for around 8-12 interviews (to get diverse perspectives
without being overwhelmed). Quantitatively, a survey sample of say 50—-100 respondents would
be desirable for basic analysis; even though small by big-study standards, it could yield suggestive
patterns (e.g., those who knew about Al in the process rate fairness 20% lower on average than
those who didn’t). The exact number will depend on access and participation willingness.

Sampling Strategy: Purposive sampling will be used for interviews (selecting individuals likely
to have rich insight, like a senior HR manager and a mix of staff levels). For the survey, if within
one organization, it could be near-census (all who wish to respond). If across organizations, then
snowball sampling via professional networks might be needed.
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Chapter 8: Suggested Structure of the Project

Given the objectives and methodology, the final project (e.g., a thesis or comprehensive report)
can be structured into chapters as follows:

o Chapter 1: Introduction — This chapter will set the stage with the background, problem
statement, research questions, and significance (as partially drafted above). It introduces
the topic of Al-driven layoffs and why it matters. By the end of this chapter, the reader
understands the purpose and scope of the research. (Approx. 10—15 pages)

o Chapter 2: Literature Review — A thorough review of existing literature and theoretical
perspectives. This will expand on the brief literature background given earlier, covering
subtopics like A7 in HR decision-making, algorithmic bias in employment, organizational
Justice and layoffs, employee reactions to layoffs, and any studies or cases of Al-driven
layoffs known. The literature review will highlight gaps that the current research will
address (for instance, noting that few studies have empirically examined employee trust in
the context of algorithmic layoffs, especially in the Middle East). (Approx. 20-25 pages)

o Chapter 3: Conceptual Framework and Hypotheses — In this chapter, the conceptual
model is presented (with a figure similar to Figure 1) and each hypothesis is formally stated
and justified. This section translates insights from the literature into specific propositions.
It may also include definitions of key terms and the logic model of how variables are
related. (Approx. 5—8 pages)

o Chapter 4: Research Methodology — This chapter details the methodology as outlined
above. It describes the research design, methods of data collection, sampling, instruments
(with any survey questions or interview protocols possibly included in appendices), and
the analysis plan. It also addresses reliability and validity considerations for the measures,
and ethical considerations. Essentially, it should give enough detail that someone else could
replicate the study. (Approx. 10—15 pages)

e Chapter 5: Results and Analysis — In a full project, this chapter would present the
findings. For a conceptual project, if actual data is collected, we will report the qualitative
themes from interviews (with quotes) and the quantitative survey results (with
tables/graphs). If the project is purely conceptual without new data, this chapter might
instead present analysis of illustrative cases (e.g., analyzing the Microsoft, Amazon,
Oracle examples as case studies to support or challenge the hypotheses). However, since
an empirical element is suggested, Chapter 5 will likely include whatever data was gathered
from the chosen organization: e.g., “X% of surveyed employees felt the process was
unfair,” “Major themes from interviews included fear of automation and desire for
transparency,” etc. (Approx. 15-20 pages, depending on data volume)

e Chapter 6: Discussion — This chapter interprets the results in light of the research
questions and hypotheses. It will discuss whether the findings support the conceptual
framework. For example, if we found evidence that Al usage correlates with lower fairness
perception, we’ll discuss that in context (perhaps noting it aligns with what TechRound
experts predicted about trust erosion ). The discussion will also acknowledge any
contradictory findings or surprises and relate back to literature (maybe comparing Middle
East context to others). We’ll also discuss implications: what do the results mean for
managers? For employees? For theory? (Approx. 10 pages)
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Chapter 7: Conclusion and Recommendations — The final chapter will conclude the
study, summarizing the key insights and stating clearly the answer to the main research
questions. It will also provide recommendations: for example, if Al-driven layoffs are here
to stay, what should companies do to ensure fairness? (Possibilities: always involve HR
oversight, run bias audits, communicate clearly, consider alternative strategies like
retraining as mentioned in UAE context .) Recommendations might be split for different
stakeholders (management practices, policy recommendations, areas for employee
support). This chapter also would mention the limitations of the study (e.g., small sample,
self-reported perceptions, focus on a single region) and suggest avenues for future research
(like longitudinal studies, different industries, or developing technical solutions for more
explainable Al in HR). (Approx. 5-8 pages)

References — A list of all sources cited, formatted in APA style. This would include
scholarly articles, news reports, and other materials used throughout the work.
Appendices — If needed, containing instruments (questionnaires), additional figures,
detailed tables, or transcripts (if appropriate).

The table of contents provided earlier in this answer essentially captures this structure in a concise
form. The structure ensures a logical flow: from introduction and theory to methodology, then
results, and culminating in conclusions. Each chapter builds on the previous: the literature review
informs the framework; the framework guides the methodology; the methodology yields results;
the results are discussed and concluded.

For a Bachelor’s thesis that is conceptual with an empirical illustration, this structure is quite
standard. It covers all necessary components while allowing the student to demonstrate
understanding of both theory and practical research execution.
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Chapter 9: Literature Review (Al and Layoff Decisions)

This section provides a brief overview of relevant themes from existing literature and reports to
contextualize the research problem. In the full project, this would be expanded into a
comprehensive literature review.

Al in Managerial Decision-Making for HR

Artificial intelligence and data analytics have increasingly permeated human resource
management in the last decade. From hiring algorithms to performance evaluation systems,
managers are turning to Al to inform or even automate complex decisions. Layoff decisions are
no exception: surveys indicate that a majority of managers who use Al in their workflow also rely
on these tools for personnel decisions such as promotions, terminations, and layoffs . In fact, as
noted earlier, nearly all HR leaders in one 2023 survey anticipated using algorithms to support
layoff choices . The rationale is that Al can process vast amounts of employee data (performance
metrics, skills, project outcomes, etc.) more objectively and efficiently than a human manager
might. This promises to remove some of the personal bias or office politics that historically plagued
layoff decisions, theoretically basing cuts on “hard data.”

Companies have also found Al useful for handling the scale and complexity of modern workforce
reductions. In large organizations where thousands might be laid off at once, it is impractical for
senior managers to personally review each employee. Algorithmic systems (often integrated with
HR databases) can quickly flag which roles are redundant or which employees have the lowest
performance rankings, easing the cognitive burden on decision-makers . For example, tools from
HR tech firms like Gloat or Eightfold AI build detailed skill inventories of employees and can
recommend who might be let go or re-skilled when certain functions become overstaffed . In
essence, the Al provides a data-driven justification for layoffs: it might highlight that a particular
unit’s work can be redistributed or automated, or that certain employees lack the skill sets aligned
with the company’s future needs.

However, literature also warns of over-reliance on Al in management. Scholars like Fuller
(Harvard Business School) point out that while Al can inform decisions, final judgment should
consider qualitative factors that algorithms miss . There is a comfort for some managers in “passing
the buck” to software , but doing so blindly is risky. The design of these Al systems is critical —
many are originally purposed for talent matching or productivity enhancement, but in economic
downturns they are repurposed for layoffs . Thus, an Al that helped hire employees last year might
now be deciding who to fire, a shift not all systems handle in a transparent or fair manner . This
dual-use nature of Al in HR raises questions about whether algorithms trained to identify “high
performers” by certain criteria can appropriately identify who is “expendable” without unintended
consequences.

17



Algorithmic Bias and Fairness Issues

A significant body of research in Al ethics highlights that algorithms can inadvertently perpetuate
bias and unfair outcomes, especially in high-stakes decisions like employment. In the context of
layoffs, algorithmic bias can creep in through the data or the design of the decision rules . For
instance, if an Al model is trained on past performance evaluation data that contained biases
(conscious or unconscious) against certain groups, the model may learn to mark those groups for
layoffs at higher rates. One concrete example is an Al that assesses “productivity” by looking at
hours logged or sick days taken — such a model could unfairly penalize employees who took
maternity or medical leave (often women, older or disabled workers) and flag them as low
performers, clashing with anti-discrimination principles . Similarly, communication-pattern
analysis might misjudge non-native language speakers or neurodiverse communication styles as
“less collaborative,” leading to biased layoff suggestions .

The fairness issue is further complicated by lack of transparency. Employees and even managers
may not know exactly why the AI recommended certain people for termination. Proprietary
algorithms are often black boxes; companies may not reveal their inner workings due to intellectual
property or fear of gaming the system. As a result, employees perceive the process as opaque and
perhaps arbitrary. The literature on organizational justice suggests that when the process criteria
for layoffs are unclear, perceptions of procedural unfairness surge, which can have severe negative
effects on trust and morale. Al can exacerbate this if workers feel decisions are made by an
impersonal, inscrutable system with no opportunity for appeal or explanation. Some firms are
trying to address this by providing basic explanations to laid-off employees (for example, citing
which factors the Al considered) . Nonetheless, few are willing to disclose algorithmic details or
weighting of factors , often leaving those affected unconvinced that the decision was fair.

Legal scholars have begun discussing how accountability works when an algorithm is involved in
firing. Early case law and regulations indicate that companies cannot escape liability by blaming
“the algorithm”; if a layoff decision is discriminatory, the employer is on the hook regardless of
Al involvement . This has led to calls for audits of Al systems (pre- and post-implementation) to
catch biases. In the U.S. and EU, there is growing pressure for algorithmic transparency in
employment decisions, and some jurisdictions may require notification if an automated system
was used. The academic community underscores that achieving fairness with Al is possible only
if organizations are proactive: regularly testing the AI’s outputs for disparate impact, updating
models to eliminate bias, and crucially, keeping a human in the loop for context-checking . Human
oversight means a manager or HR professional reviews the algorithm’s layoff recommendations
and can veto or adjust them if something seems amiss (for example, if the Al-selected list
inadvertently includes mostly older workers, or a person with critical unique skills). This hybrid
approach may balance efficiency with fairness.
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Impact on Employee Trust and Morale

The human impact of Al-driven layoffs is an emerging topic in organizational behavior research.
Initial evidence from commentary and surveys suggests that the use of Al in such emotionally
charged decisions can significantly erode employee trust in leadership. A TechRound survey in
the UK, for example, found nearly half of workers already fear for their job security due to
automation, and mass layoffs justified by Al reinforce those fears . Workers tend to interpret Al-
based layoffs as a sign that management prioritizes cost and technology over people. As one expert
noted, when employees hear layoffs are “because of Al,” they really hear “your years of expertise
are now expendable,” which creates a “credibility gap” between staff and leadership . Such
sentiments align with decades of layoff research: survivors of layoffs often suffer from survivor’s
guilt, anxiety, and reduced loyalty, and attributing layoffs to Al could intensify the sense that
decisions are cold and impersonal.

Morale can be particularly damaged if employees feel they have little control over their fate when
algorithms are at play. The process might seem random or unfeeling — some Microsoft employees
described it as being “at the mercy of a mindless algorithm” following the controversial layoffs
there . This can lead to what researchers call a “climate of fear.” People worry that no matter how
hard they work, a robot might decide their job is next. The CNA commentary observed that
widespread cuts, especially when not obviously needed for financial survival, traumatize those
who remain and hurt their commitment and performance . It cited studies that firms doing layoffs
in boom times perform worse subsequently than those that maintain staff, partly because
employees who survived lose trust and motivation . Another study mentioned found that when
layoffs coincide with big technological changes (like AI adoption), innovation suffers as
employees become less willing to take risks or collaborate . This suggests that if not managed
carefully, Al-driven layoffs could ironically undermine the innovative capacity that Al is supposed
to unlock.

In summary, existing literature and expert analyses paint a cautionary picture: Al-driven layoffs
can jeopardize the very human capital and trust that organizations need to thrive in the long run.
Balancing the efficiency gains from Al with the potential fallout on people is a delicate task that
few companies have mastered so far.
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