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Abstract

Performance management (PM) is among the most consequential and most criticized processes in
organizations. Traditional approaches built on annual reviews and manager judgment are often seen as
subjective, infrequent, and demotivating. Advances in machine learning, natural language processing, and
people analytics have led organizations to apply artificial intelligence (Al) to goal setting, continuous
feedback, performance measurement, talent calibration, and development planning. This paper reviews
the literature on Al in performance management, examines the main applications and their claimed
benefits, and analyzes the ethical, legal, and organizational risks, including algorithmic bias, opacity,
surveillance, and erosion of trust. It then proposes a framework for responsible adoption built on five
principles: purpose limitation, human accountability, transparency, fairness auditing, and employee voice.
The paper argues that Al is best positioned as a decision-support tool that improves the quality and
timeliness of information available to managers and employees, rather than as an autonomous evaluator
of people.

Keywords: artificial intelligence, performance management, people analytics, algorithmic management,
fairness, HR technology

1. Introduction

Performance management is the set of practices through which organizations align individual work with
strategic goals, measure results and behaviors, provide feedback, and make decisions about pay,
promotion, development, and retention. For decades, scholars and practitioners have questioned
whether these systems work. Surveys of managers and employees routinely report dissatisfaction with
annual ratings, and research on rating accuracy has long shown that a large share of rating variance
reflects the rater rather than the person being rated. Feedback itself is a double-edged tool: a well-known
meta-analysis by Kluger and DeNisi (1996) found that feedback interventions improve performance on
average, but over a third of the interventions studied reduced it, particularly when feedback directed
attention toward the self rather than the task.

Against this background, Al has been presented as a corrective. Vendors and HR leaders promise more
objective evaluation, real-time insight, personalized development, and reduced administrative burden. At
the same time, regulators, unions, and researchers have raised concerns that algorithmic systems may
encode historical bias, intensify monitoring, and make consequential decisions that employees cannot
understand or contest.

This paper addresses three questions:

1. How is Al currently applied across the performance management cycle?
2. What evidence and arguments support or challenge the claimed benefits?
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3. What governance approach allows organizations to capture benefits while limiting harm?

The paper is conceptual and integrative. It synthesizes existing research and regulatory developments
rather than reporting new empirical data, and it identifies areas where evidence remains thin.

2. Background and Conceptual Foundations

2.1 The performance management cycle

PM is commonly described as a cycle with four phases: (a) planning, in which goals and expectations are
set; (b) monitoring and feedback, in which progress is tracked and coaching occurs; (c) evaluation, in which
performance is assessed and rated; and (d) decision and development, in which outcomes feed into
rewards, promotions, and learning plans. A recurring finding in the PM literature is that the process fails
less because of any single technique than because of weak links between phases, inconsistent manager
behavior, and low employee trust in the system.

2.2 From HR analytics to Al

People analytics began as descriptive reporting on headcount, turnover, and engagement. It evolved into
predictive modeling, such as attrition risk and promotion potential, and more recently into systems that
process unstructured data like written feedback, emails, meeting transcripts, and project artifacts. Tambe,
Cappelli, and Yakubovich (2019) note that HR is a particularly difficult domain for machine learning
because outcomes are complex, data sets are small relative to other domains, and decisions carry legal
and fairness constraints. These characteristics shape what Al can credibly do in PM.

2.3 Algorithmic management

A related body of work examines algorithmic management, in which software assigns tasks, monitors
behavior, and evaluates workers. Kellogg, Valentine, and Christin (2020) describe how algorithms are used
to direct, evaluate, and discipline workers, and how these mechanisms can increase managerial control
while reducing worker transparency and autonomy. While much of this research began with gig and
warehouse work, similar dynamics are emerging in knowledge work as monitoring and scoring tools
spread.

2.4 Conceptual framework and hypotheses

The framework is variable-based. Al use in performance management is the independent variable,
feedback quality and perceived fairness are mediators, governance quality is a moderator, and employee
outcomes are the dependent variables.
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Al use affects outcomes via feedback quality and fairness; governance moderates

e Feedback quality H2 + Employee performance
and development
Mediator 1 Dependent varlable
Aluse in PM
Independent variable
scope and stakes of use
H3- Perceived fairness H4 + Employee trust
ana retent) tent
Medlator 2
s Donpendent variabie
HS5: weakens H3
Governance quality Control variables

Moderator PM maturity, data quality, job type

conceptual framework - inputs, PM cycle, outcomes, governance

Two paths run from Al use to outcomes. The feedback path (H1, H2) carries the benefits: Al improves
feedback quality, which improves performance and development. The fairness path (H3, H4) carries the
risks: high-stakes Al use lowers perceived fairness, which erodes trust and retention intent. Governance

quality moderates the fairness path (H5).

Variable Role Definition Possible measures
Al use in PM Independent | Number of PM stages using Al and Count of Al-supported
the stakes of the decisions it informs stages; share of rating and
talent decisions informed
by
Al
Feedback Mediator 1 Timeliness, specificity, and task focus | Employee survey scale;
quality of the feedback employees receive feedback frequency
Perceived Mediator 2 Employee judgment that PM process | Procedural justice scale
fairness and outcomes are fair and
understandable
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Governance Moderator Presence of purpose limits, human Audit checklist score across
quality accountability, transparency, fairness | the five principles
audits, and employee voice
Variable Role Definition Possible measures
Employee Dependent Performance results and skill growth Ratings, goal attainment,
performance development progress
and
development
Employee Dependent Trust in the PM system and intention | Survey scales
trust and to stay
retention
intent
Controls Control Factors that may shape the PM maturity, data quality,
relationships job type, organization size,
regulation

The model yields five testable hypotheses.

ID Hypothesis Type Basis in this paper
H1 Greater Al use in PM is associated with Direct, positive Section 3.3; Kluger
higher feedback quality. and DeNisi (1996)
H2 Feedback quality mediates the effect of Al Mediation, positive Sections 3.3 and 4.2;
use on employee performance and Kluger and DeNisi
development. (1996)
H3 Greater Al use in high-stakes stages Direct, negative Sections 5.1 and 5.2;
(evaluation, talent decisions) is associated Ajunwa (2020);
with lower perceived fairness. Leicht-Deobald et al.
(2019)
H4 Perceived fairness mediates the effect of Al Mediation, positive Section 5.2
use on employee trust and retention intent. (procedural justice)
H5 Governance quality weakens the negative Moderation Sections 6 and 7
relationship between Al use and perceived
fairness in H3.
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3. Applications of Al Across the Performance Management Cycle

3.1 Goal setting and alignment

Al tools can suggest goals based on role, team objectives, and past performance, and can detect
misalignment between individual objectives and organizational priorities. Language models can help
managers draft clear, measurable goals (for instance, converting vague aims into specific, time-bound
outcomes). The benefit is mainly consistency and speed; the risk is homogenized or gamed goals if
employees optimize for what the tool rewards.

3.2 Continuous monitoring and data capture

Many systems integrate with project management, customer relationship management, code
repositories, and collaboration platforms to collect activity and outcome data automatically. This reduces
reliance on manager memory and addresses recency bias, the tendency to overweight recent events.
However, activity data is frequently a poor proxy for contribution. Message counts, hours online, or
commit frequency can reward visibility over value and disadvantage employees whose work is less
instrumented, such as mentoring or cross-team support.

3.3 Feedback and coaching

Natural language processing can analyze feedback text for tone, specificity, and bias, and can nudge
managers toward more actionable comments. Generative Al assistants can help draft review narratives,
summarize a year of input, and role-play difficult conversations. Evidence on these uses is still emerging,
but the logic is consistent with the feedback literature: feedback focused on the task and on concrete next
steps is more likely to help than feedback focused on the person.

3.4 Evaluation and rating support

Some systems generate suggested ratings or performance scores by combining quantitative metrics with
text analysis of peer and manager comments. Others flag rating inconsistencies across managers, such as
leniency or severity patterns, to support calibration discussions. This is the most contested application,
because it comes closest to automated decision-making about individuals.

3.5 Talent decisions and development

Predictive models are used to identify high-potential employees, estimate attrition risk, recommend
learning content, and match employees to internal opportunities. When well designed, these tools can
widen visibility of talent beyond a manager's immediate network. When poorly designed, they can
reproduce past promotion patterns, since the training data reflect who was previously promoted rather
than who could have succeeded.

3.6 Administrative automation

A less discussed but practically significant application is the reduction of administrative workload:
scheduling check-ins, reminding managers to give feedback, compiling review packets, and drafting
documentation. These uses carry lower risk and often produce the clearest near-term value.
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4. Claimed Benefits and the State of the Evidence

4.1 Objectivity and consistency

A central argument for Al is that it can reduce human subjectivity. In principle, applying the same model
to all employees yields consistent treatment. In practice, consistency is not the same as fairness. A model
can be consistently biased if its inputs or labels reflect biased human judgments. Because many
performance labels in training data are manager ratings, a model trained to predict them may learn to
replicate rater bias with greater apparent authority.

4.2 Timeliness and richness of information

Continuous data capture can give managers a fuller picture and allow earlier intervention. The evidence
for improved outcomes depends heavily on implementation: tools that surface insights into coaching
conversations appear more promising than tools that merely produce dashboards. More data is not
necessarily better data, and the validity of many workplace metrics for measuring true contribution is
uncertain.

4.3 Efficiency

Automating documentation and summarization can save manager time, which is consequential given
widespread complaints about PM administration. Efficiency gains are among the most credible benefits,
though they can be offset if time saved is redirected toward more monitoring rather than more human
interaction.

4.4 Personalization of development

Recommendation systems can tailor learning paths to individual skills and goals. Evidence from related
domains suggests personalization can improve engagement, but long-run effects on career outcomes in
organizations remain under-studied.

4.5 Evidence gaps

A notable limitation of the field is that much published evidence comes from vendors, practitioner
surveys, or case studies without rigorous comparison groups. Randomized or quasi-experimental studies
of Al-assisted PM on outcomes such as employee performance, retention, and perceived fairness are
scarce. Readers should treat strong productivity or fairness claims with caution unless supported by
independent evaluation.

5. Risks and Challenges

5.1 Algorithmic bias and discrimination

Bias can enter at several points: in the choice of what to measure, in labels drawn from historical ratings,
in features that act as proxies for protected characteristics, and in uneven data quality across groups. A
widely reported example from hiring, Amazon's experimental recruiting tool, which was reportedly
abandoned after it penalized résumés associated with women, illustrates how models trained on historical
decisions can reproduce discrimination. Raghavan et al. (2020) and Ajunwa (2020) both emphasize that
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automated tools marketed as anti-bias interventions do not guarantee fairer outcomes and can obscure
discrimination behind technical complexity. Although these examples concern selection, the same
mechanisms apply to performance scoring and potential assessments.

5.2 Opacity and contestability

Many machine learning systems are difficult to interpret. If an employee receives a lower rating
influenced by a model, but neither the employee nor the manager can explain how, the ability to challenge
the outcome is weakened. Procedural justice research indicates that perceived fairness depends not only
on outcomes but on whether people understand and can influence the process.

Opaque systems therefore threaten acceptance even when they are accurate.

5.3 Surveillance and psychological effects

Intensive monitoring can undermine autonomy, increase stress, and encourage impression management
over genuine work. Employees who know that keystrokes, communications, or sentiment are analyzed
may change behavior in ways that reduce creativity, candor, and collaboration. Leicht-Deobald et al. (2019)
argue that algorithm-based HR decision-making can compromise personal integrity and ethical judgment,
in part by shifting attention toward quantifiable indicators at the expense of context and moral reasoning.

5.4 Measurement validity and Goodhart effects

When a measure becomes a target, it ceases to be a good measure. If employees learn which signals the
system rewards, they may optimize those signals rather than underlying performance. Teamwork,
innovation, and quality are especially difficult to capture with automated metrics, which can distort
priorities toward what is easily counted.

5.5 Privacy and data protection

PM data can be highly sensitive, and combining sources increases inference risk. Systems may infer health
status, union sympathies, or personal circumstances from behavioral traces even when such attributes
are not explicitly collected. Data minimization, purpose limitation, and retention limits are therefore
central design issues.

5.6 Over-reliance and deskilling of managers

Managers may defer to algorithmic outputs because they seem objective, a pattern known as automation
bias. Over time, reliance on generated summaries and suggested ratings could weaken managers' own
skills in observation, coaching, and difficult conversations, the very capabilities that drive effective PM.

6. Legal and Regulatory Landscape

Regulation is moving quickly, and organizations operating across jurisdictions should seek current legal
advice. Several developments are notable:

e European Union. The EU Artificial Intelligence Act (Regulation (EU) 2024/1689) classifies many
Al systems used in employment, including those used to evaluate performance, monitor behavior,
and make decisions affecting work relationships, as high-risk. High-risk status brings obligations
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related to risk management, data governance, documentation, human oversight, and
transparency. The Act also restricts certain uses, such as inferring emotions in workplace settings
in most circumstances. The General Data Protection Regulation (GDPR) separately limits solely
automated decision-making with significant effects on individuals and grants rights to information
and human review.

¢ United States. There is no single federal Al-in-employment statute. Existing anti-discrimination
laws, such as Title VII, the Americans with Disabilities Act, and the Age Discrimination in
Employment Act, apply to algorithmic tools, and enforcement agencies have signaled that
employers remain responsible for outcomes of tools they use, including vendor-provided ones.
Some jurisdictions have introduced specific rules; New York City's Local Law 144, for example,
requires bias audits and notice for automated employment decision tools in hiring and promotion
contexts. State-level activity continues to evolve.

¢ India and other jurisdictions. Data protection law is developing, including India's Digital Personal
Data Protection Act, 2023, which introduces consent and purpose-related obligations for
processing personal data. Organizations should assess how employee data processing fits within
these frameworks and within sectoral and labor requirements.

Across jurisdictions, common themes include notice to affected employees, human oversight, auditing
for disparate impact, documentation, and limits on sensitive inferences.

7. A Framework for Responsible Al in Performance Management

Based on the literature and regulatory themes above, this paper proposes a five-principle framework.

Principle 1: Purpose limitation and proportionality

Define precisely what the system is for and use only data necessary for that purpose. Distinguish low-
stakes uses (drafting, reminders, development suggestions) from high-stakes uses (ratings, pay,
promotion, termination). Apply stricter validation, oversight, and consent requirements as stakes rise.
Avoid repurposing data collected for one reason, such as collaboration tools, for performance judgments
without explicit governance.

Principle 2: Human accountability

Keep a named human decision-maker responsible for every consequential outcome. Al outputs should be

treated as inputs to be examined, not verdicts. Organizations should train managers to question model
outputs, document their reasoning when they agree or disagree, and monitor for automation bias. Fully
automated adverse decisions about individuals should be avoided.

Principle 3: Transparency and explainability

Tell employees what data is collected, what the system does, how outputs are used, and how to challenge
them. Prefer models and explanation methods that allow managers to give understandable reasons.
Provide accessible appeal channels with human review and clear timelines.
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Principle 4: Fairness testing and ongoing audit

Test for disparate impact across relevant groups before deployment and at regular intervals afterward.
Examine labels as well as features, since biased historical ratings can contaminate models. Involve
independent reviewers where feasible, require vendors to provide validation evidence and audit access,
and establish thresholds that trigger investigation or suspension. Recognize that multiple statistical
definitions of fairness cannot always be satisfied simultaneously, and make value choices explicit rather
than implicit.

Principle 5: Employee voice and participation

Involve employees, worker representatives, and managers in design, piloting, and review. Participation
improves the quality of metrics, surfaces unintended consequences early, and strengthens legitimacy.
Pilot with feedback loops, and be willing to withdraw features that harm trust or fairness.

Implementation considerations

Stage Key actions

Readiness Assess data quality, current PM maturity, legal exposure, and manager
capability

Design Define purpose, select valid metrics, conduct privacy and impact assessment

Pilot Limited scope, opt-in or representative sample, collect qualitative feedback

Deployment Training, communication, appeal processes, clear escalation paths

Monitoring Fairness audits, outcome tracking, drift detection, periodic governance
review

8. Discussion

Three tensions run through the literature. First, objectivity versus legitimacy : even a statistically
accurate system will fail if employees do not see it as fair and understandable. Second, efficiency versus
development : tools that save managerial time are valuable only if that time is reinvested in human
conversation rather than additional surveillance. Third, measurement versus meaning : the aspects of
work that matter most, such as judgment, collaboration, and ethical conduct, are those least amenable to
automated measurement.

These tensions suggest that the most defensible near-term role for Al in PM is augmentative. Al can help
managers prepare, notice patterns, write clearer feedback, and reduce administrative friction, while
humans retain responsibility for interpretation and judgment. This also aligns with the direction of
regulation, which increasingly emphasizes human oversight and accountability.

Future research should prioritize independent, longitudinal evaluations that examine effects on
performance, fairness perceptions, well-being, and retention; studies of how managers actually use and
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defer to Al recommendations; the impact of generative Al on feedback quality and review writing; and
cross-cultural differences in employee acceptance of algorithmic evaluation.

9. Limitations

This paper is a conceptual synthesis and does not present original empirical data. The Al-in-HR field is
changing rapidly, and some tools, laws, and practices described here may have changed. Evidence quality
varies, with a significant share of available claims originating from vendors or non-peer-reviewed sources.

10. Conclusion

Al offers real opportunities to improve performance management by increasing the timeliness of
feedback, reducing administrative burden, surfacing development opportunities, and helping detect
inconsistency. But it also introduces risks of bias, opacity, surveillance, and misplaced confidence in flawed
metrics. The decisive factor is not the technology itself but the governance around it. Organizations that
limit use to clear purposes, preserve human accountability, explain how systems work, audit for fairness
continuously, and involve employees in design are more likely to realize benefits while maintaining trust.
Performance management is fundamentally about people working toward shared goals; Al should serve
that relationship rather than replace it.
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