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Abstract

Algorithmically mediated workplace decision-making has expanded from recruitment screening into
performance evaluation, task allocation, scheduling, promotion, disciplinary assessment, and
employment termination. Although such systems can improve consistency, processing capacity, and
managerial access to information, their legitimacy cannot be evaluated solely through predictive
accuracy or statistical parity. Employment decisions are relational and consequential processes through
which individuals obtain opportunities, income, professional status, and continued access to work.
Procedural fairness therefore requires attention to how information is collected, how criteria are selected,
whether affected workers can understand the basis of a decision, whether relevant contextual
information can be introduced, whether meaningful human review exists, and whether adverse outcomes
can be challenged. Contemporary regulation increasingly reflects these concerns.

New York City's Automated Employment Decision Tools framework requires specified
automated employment tools used for hiring or promotion to undergo a bias audit, publication of audit
information, and advance notice requirements, while the European Union's Al Act treats significant
employment-related Al applications within its risk-based regulatory architecture and prohibits workplace
emotion-recognition systems except for narrowly specified circumstances.

This study develops a procedural-fairness governance framework for algorithmically mediated
workplace decisions through conceptual analysis, regulatory comparison, and a transparent simulation-
based risk assessment. Six employment contexts are examined: recruitment screening, promotion,
performance evaluation, scheduling and task allocation, disciplinary action, and termination. The
proposed framework evaluates consistency, evidentiary accuracy, bias suppression, worker voice,
explainability, correctability, and meaningful human accountability.

The simulated analysis indicates that algorithmically mediated termination and disciplinary
decisions generate the highest procedural-fairness risks because errors at these stages have immediate
and substantial consequences and because retrospective explanation cannot substitute for genuine
opportunities to contest evidence before an adverse decision becomes final. The study concludes that
procedurally fair workplace Al requires more than a nominal human-in-the-loop mechanism.
Organizations should establish advance notice, job-relevant criteria, auditable data provenance,
understandable explanations, employee participation, independent review, accessible appeal procedures,
and documented human authority capable of changing algorithmically recommended outcomes. The
resulting framework offers a practical foundation for organizations seeking to integrate algorithmic
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management with organizational justice, responsible Al governance, and worker-centered
accountability.

Keywords: procedural fairness, algorithmic management, workplace artificial intelligence, automated
employment decisions, organizational justice, algorithmic accountability, employee voice, explainable
Al, human oversight, employment governance

1. Introduction

Artificial intelligence and algorithmic management have become increasingly relevant to the
organization of contemporary work. The International Labour Organization describes algorithmic
management as the use of algorithmic systems that draw on tracked data and other information to
organize, assign, monitor, supervise, and evaluate work. Such systems can appear at multiple stages of
the employment relationship. Employers may use predictive models to rank job applicants, identify
promotion candidates, recommend work schedules, allocate tasks, calculate productivity scores, detect
deviations from operational targets, or provide information used in disciplinary decisions. This
movement from administrative assistance toward consequential managerial judgment changes the ethical
significance of workplace technology because the system no longer merely records work; it can shape
the opportunities and sanctions experienced by the worker.

Efficiency alone cannot establish the legitimacy of these systems. Workplace decisions take
place within relationships characterized by unequal informational and organizational power. Employers
typically determine what information is collected, which variables are transformed into metrics, what
performance thresholds are used, how long data are retained, and how model outputs influence
decisions. Employees may see only the final consequence—a rejected application, an unfavorable rating,
reduced access to desirable shifts, a disciplinary warning, or termination—without understanding the
process that generated it. OECD research on algorithmic management reports that managers can
perceive improvements in decision quality while simultaneously raising concerns about unclear
accountability, difficulty following algorithmic logic, and inadequate protection of workers' interests.
These tensions indicate that workplace automation should be evaluated as a socio-technical governance
system rather than simply as software.

Procedural justice theory provides an especially useful foundation for this analysis. Leventhal's
classic approach shifted attention from the fairness of outcomes alone toward the fairness of procedures
used to allocate benefits, opportunities, and burdens. His framework emphasizes principles including
consistency, suppression of bias, accuracy of information, correctability, representativeness, and
ethicality. Colquitt subsequently demonstrated that organizational justice is multidimensional and that
procedural justice can be empirically distinguished from distributive, interpersonal, and informational
justice. Gilliland extended organizational justice reasoning specifically to employee selection, arguing
that applicant reactions depend not only on whether they are selected but on characteristics of the
selection procedure itself. These foundations remain highly relevant when the decision-making agent is
partly or substantially algorithmic.

Empirical research on human-machine decision contexts reinforces this conclusion. Otting and
Maier found across experimental workplace scenarios that procedural justice influenced employee
attitudes and behavior regardless of whether decisions were attributed to a human supervisor, a robot, or
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a computer system. Lee and colleagues later developed a procedural-justice framework for algorithmic
systems emphasizing transparency and mechanisms that provide users with meaningful control over
outcomes. Research by Yurrita Semperena and colleagues further demonstrated that explanations and
contestability can affect informational and procedural fairness perceptions, while the mere presence of
nominal human oversight does not automatically improve perceived fairness. These findings are
particularly important for employment governance because organizations sometimes treat the phrase
“human in the loop” as sufficient evidence of responsible decision-making even when the human
reviewer possesses little practical authority or information with which to challenge the algorithm.

Regulatory developments increasingly reflect the high stakes of algorithmic employment
decisions. New York City's Local Law 144 requires covered automated employment decision tools to
satisfy specified bias-audit, publication, and notice requirements before use in covered hiring and
promotion decisions. At the European level, the Al Act uses a risk-based framework and identifies
employment as one of the fields in which certain Al systems may be classified as high-risk; the
European Commission's July 2026 high-risk guidance also states that rules for systems in areas
including employment are scheduled to apply from December 2, 2027 under the revised implementation
timeline described by the Commission. Against this background, the present paper asks a broader
governance question: what procedural conditions must be satisfied before an algorithmically mediated
workplace decision can reasonably be regarded as fair?

2. Objectives of the Study

2.1 To Conceptualize Procedural Fairness in Algorithmic Employment Decisions

The first objective is to develop a workplace-specific understanding of procedural fairness that goes
beyond mathematical fairness metrics. The study examines whether algorithmically mediated processes
provide consistency, accurate and job-relevant evidence, suppression of inappropriate bias, adequate
worker voice, intelligible reasons, correctability, and responsible human oversight.

The study treats these dimensions as interconnected rather than independent. An algorithm may
produce statistically consistent outcomes while remaining procedurally deficient because employees
cannot contest incorrect data. Conversely, a highly explainable system may remain unfair if the
underlying criteria are irrelevant to legitimate job requirements.

2.2 To Compare Procedural Risk Across Workplace Decision Contexts
The second objective is to examine how procedural-fairness risk changes as algorithmic systems move
from relatively preliminary decisions toward decisions with stronger consequences.
Six workplace contexts are analyzed:
recruitment screening; promotion; performance evaluation; scheduling and task allocation; disciplinary
action; and termination.

The comparison is intended to show that governance requirements should be proportional to
decision consequence rather than applied uniformly to every workplace technology.
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2.3 To Develop an Operational Governance Model
The third objective is to translate organizational-justice principles into practical requirements for the
deployment of workplace Al.

The proposed governance model emphasizes advance notice, job relevance, data quality,
explanation, employee voice, human review, appeal rights, auditability, privacy, bias monitoring, and
organizational accountability.

3. Review of Literature

3.1 Organizational Justice and Procedural Fairness

The literature on organizational justice traditionally distinguishes between the fairness of outcomes and
the fairness of processes. Distributive justice focuses primarily on whether outcomes such as rewards,
opportunities, or penalties are allocated fairly. Procedural justice concerns the methods through which
those outcomes are reached.

Leventhal's procedural framework remains highly influential because it identifies criteria by
which decision procedures may be judged. Consistency requires comparable cases to be treated through
stable rules. Bias suppression requires procedures to minimize improper self-interest and prejudice.
Accuracy requires decisions to rest on reliable information. Correctability requires mechanisms through
which errors can be reconsidered. Representativeness requires affected interests to be meaningfully
incorporated, while ethicality requires procedures to remain consistent with broader moral standards.

These principles are directly transferable to algorithmic employment systems. Consistency can
be compromised when model versions or thresholds change without documentation. Bias suppression
may fail when historical organizational patterns become training signals. Accuracy becomes problematic
when productivity or personality proxies do not validly represent the construct being measured.
Correctability becomes weak when an employee cannot challenge erroneous data. Representativeness is
diminished when workers have no participation in system design or implementation.

Colquitt's research further established procedural justice as part of a multidimensional
organizational-justice construct that also contains distributive, interpersonal, and informational
dimensions. This distinction is important because algorithmic systems can create procedural injustice
even where statistical outcome disparities appear limited. A worker may receive an objectively favorable
decision vyet still regard the procedure as inappropriate if surveillance is excessive, relevant context is
ignored, or the basis of the decision remains inaccessible.

Gilliland's selection-fairness model is especially important for algorithmic recruitment. Selection
systems communicate information about how organizations treat applicants. Job relatedness,
consistency, opportunity to perform, reconsideration opportunities, and quality of explanation can
therefore influence perceived legitimacy independently of final selection outcomes. Algorithmic
recruitment does not remove these expectations; it makes their implementation more technically
complex.

3.2 Algorithmic Decisions, Explanation, Voice, and Contestability
Algorithmic fairness scholarship initially concentrated heavily on outcome-based statistical criteria.
These approaches remain valuable for identifying unequal error rates or selection patterns, but
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procedural justice asks additional questions: Who selected the objective? Who determined which
variables were relevant? Can the affected individual provide contextual information? Can an error be
corrected? Can the decision be meaningfully challenged?

Binns and colleagues' experimental work on perceptions of algorithmic decisions showed that
people respond to automated decisions through familiar dimensions of justice and can express concerns
about arbitrariness, generalization, and reduction of individuals to numerical representations. Such
concerns are especially pertinent in employment, where standardized data can omit job history, disability
accommodations, temporary personal circumstances, teamwork contributions, mentoring activity, or
contextual explanations for unusual performance patterns.

Lee and colleagues proposed that procedural justice in algorithmic systems should address both
transparency and forms of outcome control. This approach is valuable because transparency without
agency can become merely observational. Knowing that a model assigned a low score does little to
restore procedural fairness if the employee cannot correct the data or obtain meaningful reconsideration.
Yurrita Semperena and colleagues examined explanations, human oversight, and contestability in
algorithmic decision-making. Their experiment found that explanations contributed to informational
fairness and contestability contributed to procedural fairness, while nominal human oversight alone did
not produce the expected fairness effect. The implication for workplace governance is significant:
meaningful review must be evaluated by the authority, independence, information, competence, and time
available to the reviewer rather than simply by whether a human employee appears somewhere in the
workflow.

NIST similarly emphasizes that Al bias should be understood socio-technically rather than as a
purely mathematical problem. Its bias guidance identifies systemic, statistical, and human forms of bias
and stresses the importance of datasets, testing and evaluation, human factors, and governance. This
wider approach supports a procedural model in which fairness is jointly produced by algorithms,
policies, data practices, managerial incentives, organizational culture, and mechanisms of worker
participation.

3.3 Algorithmic Management and Emerging Employment Governance

Algorithmic management increasingly reaches beyond recruitment into ongoing employment. The ILO
describes algorithmic management as the use of data-driven systems to organize, assign, monitor,
supervise, and evaluate work. Such systems may generate benefits through faster information
processing, scheduling support, or more systematic decision processes, but they can also change
workplace power relationships by making continuous monitoring and automated comparison
operationally inexpensive.

OECD evidence shows that workplace Al can produce positive outcomes, but the effects depend
substantially on how systems are governed. OECD analysis identifies risks involving privacy, loss of
agency, bias, discrimination, and lack of transparency, while research on workplace implementation
indicates that workers who are consulted about technological adoption tend to report more positive
outcomes than those who are not consulted. Worker participation should consequently be treated not
only as an industrial-relations issue but as an element of procedural fairness.
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Legal and regulatory frameworks are beginning to translate some of these principles into concrete
obligations. New York City's AEDT regime requires covered tools used in employment decisions to
undergo a bias audit within one year of use, requires public availability of specified audit information,
and requires notices to affected candidates or employees. Although its scope is narrower than the full
range of algorithmic management considered in this paper, the law demonstrates how transparency and
auditing can be converted from voluntary ethics principles into enforceable procedural requirements.

The European Al Act adopts a broader risk-based model. The Commission identifies the
difficulty of understanding why an Al system produced a particular decision as one reason additional
governance is required, specifically noting that unexplained Al decisions can make it difficult to assess
whether an individual has been unfairly disadvantaged in hiring. The Act also prohibits workplace
emotion recognition, subject to limited exceptions, and places significant employment-related uses
within its wider high-risk framework. Together, these developments suggest that future workplace Al
governance is moving toward stronger requirements for transparency, risk assessment, documentation,
and accountable human control.

4. Research Methodology

4.1 Research Design

This research adopts a conceptual-methodological design supported by simulation-based comparative
analysis. It does not claim that the numerical values reported in the analysis represent survey results,
employee records, employer audits, or measurements of actual commercial Al systems.

The study integrates three bodies of knowledge: organizational-justice theory, empirical research
on algorithmic fairness perceptions, and contemporary responsible-Al and employment-governance
frameworks. The conceptual synthesis is then converted into an illustrative assessment model.

Six categories of algorithmically mediated workplace decisions were selected because they
represent different stages and levels of employment consequence. Recruitment determines initial access
to employment. Promotion affects career advancement. Performance evaluation influences rewards and
reputation. Scheduling determines access to working hours and desirable assignments. Disciplinary
decisions impose formal organizational sanctions, while termination can directly remove the individual's
livelihood.

Each decision context was assessed using seven procedural dimensions. Scores were normalized
to a 0-100 risk scale, where higher values indicate greater procedural-fairness exposure. The resulting
values are explicitly synthetic and are intended to demonstrate the proposed governance methodology.

4.2 Procedural-Fairness Assessment Dimensions

Table 1: Proposed Procedural-Fairness Assessment Framework

Procedural . . . .
. . Weight Governance Question Ilustrative Evidence
Dimension
Consistency Are comparable individuals assessed Version records,
15% . .
and Rule under stable and consistently applied threshold controls,
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Procedural . . . .
Dimension Weight Governance Question Ilustrative Evidence
Stability criteria? standardized
application
Evidentiary Avre the data accurate and Validation evidence,
Accuracy and 20% meaningfully related to legitimate data-quality checks,
Job Relevance employment requirements? job analysis
. . . . Subgroup evaluation,
Bias Are inappropriate discriminatory _g p_
. 15% | . o . bias audits, proxy
Suppression influences identified and mitigated? i
analysis
Consultation,
Worker Voice Can workers or applicants provide contextual
and 10% relevant information and participate submissions,
Representation in governance? representation
mechanisms
Explanation o Notice, reasons, criteria
P Can affected individuals understand . . ..
and 15% . . . disclosure, intelligible
the principal basis of the decision? .
Transparency explanations
Correctabilit Can factual or inferential errors be | Appeal channels, data
and A ealy 15% | challenged before or after an adverse correction,
PP outcome? reconsideration
Meaningful Is an identifiable competent person | Named decision owner,
Human 10% | able and authorized to reconsider the override authority,
Accountability algorithmic recommendation? review documentation
Does the overall decision process Integrated
Total 100% satisfy procedural-fairness governance
expectations? assessment

Source: Author-developed framework based on procedural-justice theory, organizational-justice
research, contemporary algorithmic fairness scholarship, NIST risk-governance principles, and current
employment-Al governance approaches.

C = inconsistency risk E = evidentiary accuracy and job-relevance risk B = bias risk V
deficiency of employee voice X = explanation deficiency R = correctability and appeal deficiency H

weakness of meaningful human accountability
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4.3 Analytical Procedure and Risk Classification

Four illustrative risk categories were established.

Scores from 0-39 represent comparatively low procedural risk. These systems still require ordinary
employment-law compliance and data governance, but the algorithm normally plays a limited or
nonconsequential role.

Scores from 40-59 represent moderate risk. Formal documentation, periodic validation, and
accessible information should be required.

Scores from 6074 represent high risk. Systems within this range should require structured
impact assessment, employee notice, meaningful review, bias analysis, and effective correction
mechanisms.

Scores of 75-100 represent very high procedural risk. These applications require the strongest
governance controls, particularly when they can materially restrict employment opportunity or result in
sanctions.

The scoring categories are methodological constructs rather than statutory thresholds. They are
designed to demonstrate a risk-proportionate governance approach consistent with NIST's voluntary Al
RMF principle of managing Al risks across design, development, deployment, and evaluation.

5. Analysis
5.1 Comparative Procedural-Fairness Risk

Table 2: Simulated Procedural-Fairness Risk Across Workplace Decisions

Workplace | Simulated Risk Principal Procedural Recommended
Decision PFRI Score | Category Concern Governance Response

Applicant exclusion
Recruitment . based on opaque or
. 78 Very High | . .. .
Screening yHig insufficiently validated
criteria

Bias audit, notice, job-
relevance validation,
explanation and review

Historical performance

. Multi-source evidence,
proxies may reproduce

Promotion 73 High " contextual review and
organizational
. . appeal
inequalities
Continuous measurement _—
Data validation, worker
Performance . may flatten context and .
i 81 Very High . response rights,
Evaluation reward metric .
o manager review
optimization
. Automated optimization .
Scheduling / mav ianore fare vin Worker input,
Task 66 High y19 giving, reasonable overrides
. health, or contractual
Allocation and transparent rules

context
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Workplace | Simulated Risk Principal Procedural Recommended
Decision PFRI Score | Category Concern Governance Response
Automated flags may be Independent
Disciplinary . treated as proof rather investigation,
Action 86 Very High than evidence requiring | disclosure of evidence,
investigation formal appeal
Maximum employment No solely algorithmic
N . consequence combined final decision,
Termination 9 Very High with potentially opaque documented human
inference review and appeal

Note: All scores are simulated analytical values. They are not empirical prevalence rates or assessments
of named employers or commercial systems.

The comparison demonstrates that procedural-fairness risk generally rises as the consequences of
the decision become more severe. Termination records the highest simulated score of 91, followed by
disciplinary action at 86 and performance evaluation at 81.

Termination receives the highest value because deficiencies in accuracy, explanation,
correctability, or human accountability become especially consequential when continued employment is
at stake. A prediction or anomaly score may be useful as investigative information, but treating it as self-
validating evidence would collapse the distinction between an algorithmic recommendation and a
procedurally justified employment decision.

5.2 Graphical Analysis

Graph 1: Simulated Procedural-Fairness Risk Across Algorithmically Mediated Workplace
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Source: Author-generated simulation.

The graph demonstrates a differentiated rather than uniform risk profile. Scheduling and task allocation
records the lowest illustrative value at 66, but it still falls within the high-risk category because repeated
scheduling decisions can materially influence income, predictability, work-life balance, and access to
desirable assignments. Promotion produces a value of 73, while recruitment, performance evaluation,
disciplinary action, and termination all cross the proposed very-high-risk threshold.

The progression toward higher values in disciplinary and termination decisions demonstrates a
central principle of proportional governance: the more serious the consequence, the stronger the
procedural safeguards should become.

A system that merely recommends an optional training module does not require the same level of
review as a system that contributes to termination. Organizations should therefore avoid implementing a
single generic “Al policy” and instead establish decision-specific safeguards.

5.3 Procedurally Fair Algorithmic Workplace Governance Model

The analysis supports an integrated governance model organized around the following requirements.
Advance Notice and Purpose Specification. Employees and applicants should know when algorithmic
systems materially influence employment decisions and what legitimate organizational purpose the
system serves. Notice should be provided before consequential use wherever practicable rather than only
after an adverse outcome.

Job-Relevance Validation. Employers should demonstrate that variables and model outputs have

a defensible relationship to actual job requirements. Accuracy against historical organizational decisions
is not sufficient if those historical decisions contained irrelevant or discriminatory patterns.
Data Provenance and Quality. Workers should be able to identify important categories of information
used in decision-making and correct materially inaccurate records. Data collected for operational
purposes should not automatically be repurposed for performance or disciplinary scoring without
governance review.

Bias and Differential-Impact Testing. Validation should examine model performance across
relevant groups and consider both direct discrimination and proxy effects. NIST's bias framework
emphasizes that systemic, statistical, and human biases can interact across the Al lifecycle.

Meaningful Explanation. Explanations should identify the principal factors that materially influenced the
decision in language appropriate to the affected individual. Merely providing technical model
documentation does not necessarily create meaningful procedural transparency.

Employee Voice. Workers should have an opportunity to submit contextual information when an
algorithmically produced assessment may affect them. OECD evidence that consultation is associated
with more positive worker experiences of workplace Al reinforces the governance value of participation.
Correctability and Appeal. Affected individuals should possess a realistic mechanism through which
factual errors, inappropriate inferences, or misapplication of organizational criteria can be challenged.
Meaningful Human Review. Human involvement should be substantive. The reviewer must have
authority to disagree with the recommendation, adequate information, sufficient time, relevant
competence, and responsibility for documenting the ultimate decision. Yurrita Semperena and
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colleagues' research indicates that human oversight by itself should not be assumed to improve
procedural fairness unless the surrounding process gives that oversight meaningful content.

Continuous Monitoring. Organizations should track changes in data, model performance, employee
complaints, overrides, error patterns, and downstream employment effects after deployment.

6. Discussion

6.1 Procedural Fairness Is Broader Than Statistical Fairness

A major contribution of the present study is the distinction between statistical fairness and procedural
fairness. Statistical methods can identify meaningful disparities across demographic or organizational
groups, but a decision procedure cannot be considered fair simply because a selected fairness metric
satisfies a numerical threshold. For example, an algorithm may produce similar selection rates across
demographic groups while relying on inaccurate performance records that employees have no
opportunity to review or correct. Although the statistical outcome may appear balanced, the underlying
procedure can still violate principles of accuracy, transparency, relevance, and correctability.
Conversely, statistical differences should not automatically be interpreted as evidence of algorithmic
discrimination because disparities may result from data-quality limitations, occupational structures,
model design, selection thresholds, or broader organizational inequalities.

Procedural fairness therefore requires a broader governance approach that combines quantitative
assessment with contextual and institutional analysis. NIST's bias guidance reflects this socio-technical
perspective by recognizing that Al-related bias can emerge through systemic conditions, statistical
processes, and human factors rather than from a single technical source. In workplace decision-making,
the central question should consequently extend beyond whether different groups receive comparable
outcomes. It should also ask whether the decision procedure is legitimate, relevant, understandable,
reviewable, and correctable. This broader perspective is particularly important because employment
relationships involve continuing interactions, expectations, rights, and responsibilities rather than
isolated algorithmic predictions.

6.2 Human Oversight Must Be Capable of Changing the Decision

Organizations frequently respond to concerns about automated decision-making by emphasizing that
human remains “in the loop.” However, the existence of human involvement alone does not demonstrate
meaningful procedural fairness. A manager who receives an algorithmic risk score and routinely
approves its recommendation may technically participate in the decision while exercising very limited
independent judgment. Automation bias can encourage decision-makers to rely excessively on
algorithmic recommendations; particularly when systems appear highly sophisticated or managers face
significant workload and time pressures. Meaningful oversight therefore requires more than simply
placing a human at the end of an automated workflow.

Effective human review should involve at least four substantive conditions: the reviewer must
understand what the algorithm can and cannot establish, have access to relevant evidence beyond the
algorithmic score, provide the employee with an opportunity to explain contextual circumstances, and
possess genuine authority to modify or reject the recommendation. These conditions become especially
important in disciplinary and termination decisions, where an automated prediction may identify a
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statistical pattern without understanding intent, circumstances, or organizational context. Procedural
governance should also document human overrides in both directions. If managers consistently override
algorithmic recommendations only when doing so benefits particular employees or groups, human
discretion may introduce new forms of bias. Fairness assessment should therefore examine the complete
human-algorithm decision pathway rather than focusing exclusively on the algorithm itself.

6.3 Voice, Contestability, and Organizational Legitimacy

Worker voice represents an important dimension of procedural justice because employees should have
realistic opportunities to contribute relevant information and raise objections before automated decisions
produce irreversible consequences. Voice does not require employees to control every managerial
decision, but it does require meaningful participation within the decision process. In recruitment,
candidates could be allowed to request alternative assessment procedures when accessibility barriers or
technical conditions affect automated testing. In performance evaluation, workers should be able to
identify unusual operational circumstances and correct inaccurate records. Similarly, scheduling systems
should provide mechanisms through which employees can communicate legitimate availability
constraints, while disciplinary and termination processes should provide opportunities to respond to
algorithmically identified anomalies or correlations.

Contestability also strengthens organizational learning because appeals can reveal model errors,
inaccurate records, contextual limitations, and weaknesses in organizational practices that may otherwise
remain invisible. Evidence from the OECD indicates that workers who are consulted about the
introduction of Al tend to report more positive workplace outcomes than workers who are not consulted,
although consultation alone cannot eliminate every risk associated with workplace Al. A procedurally
fair appeal system should therefore not be viewed merely as a defensive legal mechanism. Instead, it can
function as a source of governance information by transforming individual disputes into evidence for
improving algorithms, data quality, managerial practices, and institutional policies. In this way, worker
voice and contestability can simultaneously strengthen employee rights and improve the reliability and
legitimacy of organizational decision-making.

7. Conclusion
Algorithmically mediated workplace decision-making is likely to remain a significant component of
contemporary human-resource management and organizational governance because data-driven systems
can process information rapidly, standardize certain procedures, support forecasting, and help managers
coordinate complex work environments. These operational advantages, however, do not establish the
fairness of the resulting employment decisions. Employment decisions involve more than technical
prediction because they distribute opportunity, income, professional status, working conditions,
sanctions, and continued access to employment. The legitimacy of algorithmic workplace governance
must consequently be evaluated through the quality of the entire decision process rather than the
technical performance of the model alone.

The analysis developed in this paper demonstrates that procedural fairness requires consistency,
reliable and job-relevant evidence, suppression of inappropriate bias, employee voice, meaningful
explanation, correctability, accessible appeal, and accountable human judgment. These requirements
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become progressively more important as the consequences of a decision increase. The simulation
accordingly identifies termination and disciplinary decisions as the most procedurally sensitive
applications, followed by performance evaluation and recruitment screening. The numerical values are
illustrative rather than empirical, but the comparative pattern demonstrates why organizations should
avoid treating all workplace Al applications as possessing an equivalent risk profile. A recommendation
system for optional learning opportunities cannot reasonably be governed through the same procedural
standards as a system whose output contributes to dismissal.

A central conclusion of the study is that the presence of a human reviewer cannot by itself
establish procedural fairness. Human oversight is meaningful only where the reviewer possesses
sufficient competence, relevant information, adequate time, organizational independence, and genuine
authority to change the algorithmically generated recommendation. Similarly, transparency becomes
meaningful only when the affected worker can understand the principal basis of a decision, while
contestability becomes meaningful only when a challenge can lead to correction or reconsideration.
Procedural governance must therefore be designed around substantive rights and institutional
capabilities rather than symbolic compliance mechanisms.

The future legitimacy of algorithmic workplace decision-making will depend on whether
organizations can combine technological innovation with organizational justice. Employers should treat
fairness as a continuous governance responsibility extending from system procurement and data
collection through validation, deployment, human review, employee participation, appeal, monitoring,
and eventual system retirement. Regulatory developments in jurisdictions such as New York City and
the European Union indicate a broader movement toward stronger auditing, transparency, and risk-
management expectations for employment-related Al. Future empirical research should test the proposed
framework using employee surveys, experimental decision scenarios, organizational audits, longitudinal
workplace data, and comparative regulatory studies. The fundamental principle remains that an
algorithm may assist managerial judgment, but the organization remains responsible for ensuring that
individuals affected by consequential workplace decisions receive a process that is accurate,
understandable, contestable, and institutionally fair.

References

1. Newman, D. T., Fast, N. J., & Harmon, D. J. (2020). When eliminating bias isn’t fair: Algorithmic
reductionism and procedural justice in human resource decisions. Organizational Behavior and
Human Decision Processes, 160, 149-167.

2. Nagtegaal, R. (2021). The impact of using algorithms for managerial decisions on public
employees’ procedural justice. Government Information Quarterly, 38(1), 101536. Note: Published
online in 2020, but the journal issue is 2021.

3. Kochling, A., & Wehner, M. C. (2020). Discriminated by an algorithm: A systematic review of
discrimination and fairness by algorithmic decision-making in the context of HR recruitment and
HR development. Business Research, 13, 795-848.

4. Kellogg, K. C., Valentine, M. A., & Christin, A. (2020). Algorithms at work: The new contested
terrain of control. Academy of Management Annals, 14(1), 366—410.

AJAMIR Volume 2, Issue 6, November-December 2021 112



http://www.ajamir.com/

American Journal of Advanced Multidisciplinary
Innovation and Research (AJAMIR)

E-ISSN: XXXX-XXXX e Website: www.ajamir.com e Email: editor@ajamir.com

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

Robert, L. P., Pierce, C., Morris, L., Kim, S., & Alahmad, R. (2020). Designing fair Al for
managing employees in organizations: A review, critique, and design agenda. arXiv preprint
arXiv:2002.09054.

Langenkamp, M., Costa, A., & Cheung, C. (2020). Hiring fairly in the age of algorithms. arXiv
preprint arXiv:2004.07132.

Atkinson, J. (2020). Automated management, digital discrimination, and the Equality Act 2010.
Green’s Employment Law Bulletin, 159, 3-6.

Pessach, D., & Shmueli, E. (2020). Algorithmic fairness. arXiv preprint arXiv:2001.09784.
Diakopoulos, N. (2016). Accountability in algorithmic decision making. Communications of the
ACM, 59(2), 56-62.

Burrell, J. (2016). How the machine “thinks”: Understanding opacity in machine learning
algorithms. Big Data & Society, 3(1), 1-12.

Kroll, J. A., Huey, J., Barocas, S., Felten, E. W., Reidenberg, J. R., Robinson, D. G., & Yu, H.
(2017). Accountable algorithms. University of Pennsylvania Law Review, 165(3), 633—705.

Barocas, S., & Selbst, A. D. (2016). Big data’s disparate impact. California Law Review, 104(3),
671-732.

Selbst, A. D., Boyd, D., Friedler, S. A., Venkatasubramanian, S., & Vertesi, J. (2019). Fairness and
abstraction in sociotechnical systems. Proceedings of the Conference on Fairness, Accountability,
and Transparency, 59-68.

Raghavan, M., Barocas, S., Kleinberg, J., & Levy, K. (2020). Mitigating bias in algorithmic hiring:
Evaluating claims and practices. Proceedings of the 2020 Conference on Fairness, Accountability,
and Transparency, 469-481.

Lepri, B., Oliver, N., Letouzé, E., Pentland, A., & Vinck, P. (2018). Fair, transparent, and
accountable algorithmic decision-making processes. Philosophy & Technology, 31, 611-627.
Wachter, S., Mittelstadt, B., & Floridi, L. (2017). Why a right to explanation of automated decision-
making does not exist in the General Data Protection Regulation. International Data Privacy Law,
7(2), 76-99.

Wachter, S., Mittelstadt, B., & Russell, C. (2018). Counterfactual explanations without opening the
black box: Automated decisions and the GDPR. Harvard Journal of Law & Technology, 31(2),
841-887.

Ajunwa, I., Crawford, K., & Schultz, J. (2016). Limitless worker surveillance. California Law
Review, 105, 735-776.

Moore, P. V. (2018). The Quantified Self in Precarity: Work, Technology and What Counts.
Routledge.

Wood, A. J., Graham, M., Lehdonvirta, V., & Hjorth, I. (2019). Good gig, bad gig: Autonomy and
algorithmic control in the global gig economy. Work, Employment and Society, 33(1), 56-75.

AJAMIR Volume 2, Issue 6, November-December 2021 113



http://www.ajamir.com/

