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The article examines the limitations of traditional personnel evaluation systems in the
context of contemporary organisations characterised by dynamic work environments,
digitalisation, and increasing reliance on data-driven decision-making. Conventional appraisal
approaches are critically assessed in terms of subjectivity, episodic nature, and insufficient
developmental orientation, which reduce their effectiveness and credibility. The study aims to
develop and theoretically justify an Integrated Personnel Evaluation Model (IPEM) that
combines HR metrics, Al-driven People Analytics, and empathy-led leadership within a unified
socio-technical framework. The research is based on an integrative literature review,
comparative analysis, and conceptual modelling. The proposed model consists of three
interrelated layers: HR metrics and goal architecture, an Al-based analytics engine, and
empathy-led leadership. The model also incorporates a governance layer ensuring fairness,
transparency, and regulatory compliance. The findings demonstrate that effective evaluation
systems should evolve toward continuous, data-informed, and development-oriented
processes. The study concludes that the integration of analytical precision with human-centred
leadership is essential for building valid, trustworthy, and strategically relevant personnel
evaluation systems in the digital economy.
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HOBA ITAPAJUTMA OINIHIOBAHHSA TIEPCOHAJLY:
BIJI HR-METPHUK 10 IIII TA EMIIATIMHOI'O JIJEPCTBA

VY cTaTTi JOCHIKYIOTECS OOMEKEHHS TPAJUIIMHNX CUCTEM OLIIHIOBAHHS IIEPCOHAITY B
yMOBaxX CydYaCHHX OpraHi3aliid, IO XapaKTepU3yIOTbCi JUHAMIYHHUMU POOOYMMHU
cepeloBUIAMH, LU(POBI3ALIEI0 Ta 3POCTAIOUOI0 3aJICKHICTIO BiJA NMPUHHATTA pillIeHb Ha
OCHOBI JaHuX. TpaauuiiHi TiAXOIU 10 OLIHIOBAHHS KPUTUYHO MPOAHATI30BAHO 3 MO3UIIIH 1X
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Cy0’€KTUBHOCTI, €Mi30JJUYHOCTI Ta HEAOCTATHHOI Opi€HTAIlll Ha PO3BUTOK, IO 3HIKYE iX
e(eKTHBHICTh 1 JOBIpY A0 pe3yabTaTiB. MeTOI0 TOCTI/KEHHS € po3poOKa Ta TEOpETUUHE
oOrpyuTyBaHHs [HTerpoBaHoi moneni omiHioBaHHS nepcoHany (IPEM), ska moemnye HR-
METPHUKH, aHAJITUKY NEepCOHATYy Ha OCHOBI IITYYHOTO IHTEJIEKTY Ta e€MIaTiiHEe JIiJepCTBO B
MeXax €JJMHOT COIIOTEXHIYHOI paMKHU. J{oCTiPKEHHS IPYHTYEThCS HA IHTETPaTUBHOMY OTJISsI I
JiTepaTypy, NMOPIBHUIBHOMY aHalli3i Ta KOHIIETITyaJbHOMY MOJETIOBaHHI. 3alporoHOBaHA
MOJIENIb CKJIQJAETHCS 3 TPhOX B3a€EMONOB’si3aHuX piBHIB: HR-MeTpuku Ta apxiTekTypa 1inei,
aHATITHYHUHA MOYJIb Ha OCHOBI LITYYHOTO 1HTEJIEKTY Ta eMIaTiiHe JiaepcTBo. MoJens Takox
BKJIIOYAa€ HACKPI3HUH PIBEHb YIpPaBIiHHSA, 10 3a0e3leuye CrIpaBeAIHBICTb, MPO30PICThH 1
BiJIMOBIAHICTF HOPMATHUBHUM BHMOTaM. Pe3ynbTaTu MOCHTIKEHHS CBiM4aTh MpO Te, IO
e(eKTHBHI CUCTEMH OILIIHIOBAHHS MalOTh PO3BUBATUCS Y HampsAMi Oe3rnepepBHOCTI, ONOPU Ha
JlaHi Ta pO3BUTKY MpAIiBHUKIB. Y poOOTI 00IPyHTOBAHO, IO IHTETpallisi aHAITHYHOI TOYHOCTI
3 JFOAMHOLIEHTPUYHUM JIIJIEPCTBOM € KITIOUOBOIO YMOBOIO (POPMYBAHHSI BaJliIHUX, HAAIHHUX 1
CTpPATETIYHO PEJIEBAHTHUX CUCTEM OIIHIOBaHHS NEPCOHANY B IU(POBii EKOHOMIIII.

KarouoBi cioBa: ouiHioBaHHsS nepcoHany; HR-MeTpuku; mTydHHI IHTENEKT B
yIOpaBliHHI ~ MEPCOHAJIOM; €MMaTiiiHe JIJepCTBO;  YNPaBIiHHSA  PE3yJbTaTHBHICTIO;
COLIIOTEXHIYHI CUCTEeMHM; AITOPUTMIYHA CIIPABEIMBICTh; IICUXOJIOTIYHA Oe3meKa.

Tab6n. — 2, JliT. — 28.

Problem Statement. Performance evaluation occupies a central position within
strategic Human Resource Management, functioning as the primary institutional mechanism
through which organisations calibrate talent decisions, allocate developmental resources, and
legitimise reward distribution. However, a growing body of research suggests that this function
is experiencing not a series of isolated inefficiencies, but a systemic misalignment with the
realities of contemporary work. Traditional instruments, including annual reviews, supervisor-
driven rating scales, and static goal-setting frameworks, are increasingly incompatible with
dynamic, collaborative, and digitally mediated organisational environments.

This misalignment is further exacerbated by well-documented cognitive and structural
limitations inherent in conventional appraisal systems. Performance evaluations remain
vulnerable to persistent biases, including halo effects, recency bias, and leniency bias, which
compromise rating validity and reduce the credibility of evaluation outcomes. More critically,
the coexistence of evaluative and developmental objectives within a single episodic event
creates a fundamental contradiction: systems intended to support employee growth often
generate anxiety, impression management behaviours, and disengagement. These outcomes
point not to implementation failures, but to deeper design limitations embedded within
traditional performance management architectures.

Tambe et al. (2019) and van den Broek et al. (2021) argue that the rapid advancement
of Al and the expansion of workplace data infrastructures have opened new possibilities for
rethinking personnel evaluation. In particular, contemporary developments in people analytics
enable organisations to move beyond retrospective assessments toward continuous, data-
driven, and predictive evaluation processes [1, 2]. These capabilities offer the potential to
enhance objectivity, increase evaluation frequency, and provide more actionable
developmental insights. However, while the technical capacities of Al-enabled evaluation are
increasingly well understood, their integration into systems that are trustworthy, transparent,
and psychologically sustainable remains insufficiently theorised.

Raghavan et al. (2020) and Wachter et al. (2021) highlight that this gap becomes
particularly evident when considering the fundamental tensions that define modern evaluation
systems. Specifically, a key tension emerges between algorithmic objectivity and relational
legitimacy: while Al promises standardisation and bias reduction, algorithmic decision-making
often lacks transparency and may be perceived by employees as less fair and less trustworthy
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than human judgment. [3, 4]. Kellogg et al. (2020) and Duggan et al. (2020) demonstrate that
a critical tension in modern evaluation systems arises between continuous data capture and
trust. While advanced data infrastructures enable real-time performance monitoring, they
simultaneously intensify concerns related to surveillance, privacy, and autonomy, potentially
undermining psychological safety and employee engagement [5, 6]. Third, there is a tension
between evaluation as control and evaluation as development. Data-driven systems are
frequently deployed to monitor compliance and efficiency rather than to support learning and
growth, thereby reinforcing instrumental rather than developmental logics of performance
management.

Despite the growing body of literature on Al in HRM, algorithmic governance, and
performance management transformation, existing research remains fragmented. Prior studies
tend to examine technological, behavioural, or ethical dimensions in isolation, without offering
a coherent framework capable of integrating these elements into a unified evaluation system.
As a result, organisations often face persistent trade-offs: metrics without trust lead to
formalism, Al without governance risks unfairness, and human-centred approaches without
data may result in subjectivity and inconsistency.

To address this gap, the present study proposes the Integrated Personnel Evaluation
Model (IPEM) — a socio-technical framework that combines HR metrics, Al-driven analytics,
and empathy-led leadership into a coherent system of personnel evaluation. By reconciling
analytical rigor with human-centred leadership and psychological sustainability, the model
contributes to the development of more valid, trusted, and development-oriented evaluation
practices in contemporary organisations.

Analysis of Recent Studies and Publications. Modern approaches to personnel
evaluation are grounded in the long-standing evolution of performance measurement
paradigms. One of the foundational contributions is the Balanced Scorecard framework
proposed by Kaplan and Norton, which introduced a multidimensional perspective on
performance by integrating financial and non-financial indicators, including internal processes,
learning and growth, and customer-related outcomes. Within this framework, personnel
evaluation shifts from a purely administrative function toward a strategic management tool [7].

This perspective is further reinforced by the goal-setting theory developed by Locke
and Latham (2002), who demonstrated that specific and challenging goals, when accepted by
employees, significantly enhance motivation and performance. This implies that effective
personnel evaluation systems must be closely aligned with goal-setting processes and
organizational objectives [8]. Consequently, contemporary evaluation systems increasingly
focus not only on final ratings but also on goal alignment, continuous performance tracking,
and adaptive feedback mechanisms.

The limitations of traditional annual appraisal systems have been critically examined
by Cappelli and Tavis (2016), who argue that conventional performance management models
are increasingly misaligned with the dynamic nature of modern organizations [9]. Annual
reviews are often retrospective, rigid, and insufficiently responsive to rapidly changing roles
and tasks. As a result, organizations are transitioning toward continuous performance
management systems characterized by frequent feedback, shorter evaluation cycles, and greater
flexibility in performance criteria.

At the same time, the rise of HR analytics has introduced new expectations regarding
the role of data in evaluation processes. Angrave et al. (2016) caution that the mere availability
of large HR datasets does not automatically translate into better decision-making. Without
strong analytical capabilities, theoretical grounding, and integration into organizational
strategy, HR analytics risks becoming fragmented and ineffective. Therefore, HR metrics
should be understood not as technical instruments alone but as part of a broader intellectual
and strategic infrastructure for performance evaluation [10].
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Overall, personnel evaluation has evolved from a static administrative procedure into a
dynamic system that integrates strategic metrics, goal alignment, development, and continuous
feedback. However, measurement alone does not resolve issues of objectivity, interpretation,
and trust, which opens the space for the integration of Al and people analytics.

A significant transformation in personnel evaluation is driven by the development of
people analytics and the integration of Al into HRM. Tambe, Cappelli, and Yakubovich
conceptualize Al in HR as a qualitatively new stage in which analytical systems move beyond
descriptive functions to predictive and prescriptive capabilities, enabling organizations to
identify patterns, forecast outcomes, and support decision-making in recruitment,
development, retention, and evaluation [1]. In the context of personnel evaluation, this implies
a shift from episodic, subjective assessments toward continuous, data-driven, and predictive
evaluation systems.

However, Angrave et al. (2016) emphasize that the value of HR analytics depends on
its meaningful integration into organizational decision-making processes rather than its
technical sophistication alone [10]. Data without context, interpretation, and strategic
alignment may fail to improve evaluation outcomes.

The ethnographic study by van den Broek, Sergeeva, and Huysman (2021) provides
deeper insight into the human—AlI interaction in HR processes. Their findings suggest that Al
systems are not autonomous or neutral but are shaped by expert assumptions, organizational
contexts, and interpretive practices. Rather than replacing human judgment, Al creates hybrid
decision-making environments where human expertise and algorithmic outputs are intertwined
[3]. This is particularly relevant for personnel evaluation, where interpretation and contextual
understanding remain essential.

Kellogg, Valentine, and Christin (2020) further demonstrate that the increasing use of
algorithms in organizational settings introduces a new form of control, where work is
monitored, evaluated, and regulated through digital systems. Algorithmic systems not only
coordinate tasks but also discipline behavior, creating tensions between efficiency and
autonomy [6]. From a performance evaluation perspective, this leads to a paradox: while Al
enhances precision and frequency of evaluation, it may also contribute to surveillance,
depersonalization, and reduced employee agency.

Similarly, Duggan et al. (2020).analyse algorithmic management in the gig economy,
highlighting how digital systems reshape power relations, transparency, and employee
experiences. Although their focus is on platform work, their insights are broadly applicable to
HRM. Algorithmic management can increase efficiency and standardization but may
simultaneously undermine autonomy, perceived fairness, and employee engagement [6].

Thus, while Al and people analytics offer significant opportunities to enhance the
accuracy, scalability, and predictive value of personnel evaluation, they also introduce critical
challenges related to control, trust, interpretation, and fairness. These challenges necessitate a
closer examination of bias, governance, and ethical considerations.

The integration of Al into personnel evaluation raises fundamental concerns regarding
bias, fairness, and governance. Raghavan et al. (2020) critically examines claims about the
neutrality of algorithmic hiring systems and demonstrate that such systems may reproduce or
even amplify existing biases if trained on historically biased data [3]. Their findings challenge
the assumption that algorithmic decision-making inherently leads to more objective outcomes.

Wachter et al. (2021) extend this discussion by arguing that fairness cannot be fully
automated. They highlight a fundamental gap between technical definitions of fairness in Al
systems and legal or ethical interpretations of non-discrimination. Even when algorithms
satisfy formal fairness criteria, they may still produce outcomes that are considered unjust in
broader social or legal contexts [5]. This insight is particularly important for personnel
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evaluation, where decisions have direct implications for careers, well-being, and organizational
trust.

Moreover, the increasing reliance on Al systems introduces governance challenges,
especially when decision-making processes become opaque. In such cases, managers may rely
on algorithmic outputs without fully understanding their underlying logic, while employees
may lack transparency regarding evaluation criteria. This creates risks not only of bias but also
of diminished trust in evaluation systems. Therefore, effective Al-enabled evaluation requires
robust governance mechanisms, including data quality control, model auditing, transparency,
and the preservation of human oversight.

In sum, the literature suggests that the challenge of Al in personnel evaluation is not
merely technical but fundamentally socio-technical, requiring the integration of analytical
capability with ethical, legal, and organizational legitimacy.

Despite the increasing role of metrics and Al, effective personnel evaluation cannot be
achieved without a strong human and relational dimension. A central concept in this context is
psychological safety. Edmondson (1999) defines psychological safety as a shared belief that
the team environment is safe for interpersonal risk-taking, allowing individuals to speak up,
admit mistakes, and share ideas without fear of negative consequences [11]. In evaluation
contexts, psychological safety is critical, as it determines whether feedback is perceived as a
threat or as an opportunity for growth.

A meta-analytic review by Frazier et al. (2017).confirms that psychological safety is
positively associated with learning behaviour, knowledge sharing, engagement, and
performance. This indicates that psychological safety is not merely a “soft” factor but a key
mechanism through which performance and development are achieved [12].

In parallel, emerging research on employee well-being highlights its strategic
importance for organizational performance. De Neve, Kaats, and Ward (2024) provide
empirical evidence of a positive relationship between workplace well-being and firm
performance, including profitability, return on assets, and market valuation [13]. Their findings
suggest that employee well-being should be considered not as a peripheral concern but as a
central component of performance evaluation systems.

Within this context, empathy-led leadership can be conceptualized as a managerial
approach that enables the integration of evaluation, development, and well-being. It supports
psychological safety, facilitates constructive feedback, and ensures that evaluation processes
are perceived as fair and meaningful. Importantly, empathy-led leadership does not replace
metrics or Al but complements them by providing the human interpretive layer necessary for
responsible and developmental evaluation.

The reviewed literature reveals three major, yet largely fragmented, streams of research.
The first stream focuses on HR metrics and performance management, emphasizing
measurement, goal alignment, and strategic evaluation systems [7, 8, 9, 10]. The second stream
examines Al, people analytics, and algorithmic management, highlighting both the
opportunities and risks associated with data-driven evaluation [1, 2, 3, 4, 5, 6]. The third stream
emphasizes psychological safety, well-being, and developmental evaluation, focusing on trust,
learning, and employee experience [11, 12, 13].

However, a critical gap emerges at the intersection of these streams. Existing studies
provide valuable insights into metrics, Al, or human-centred leadership separately, but they
rarely offer an integrated framework that combines analytical rigor, technological capability,
and human-centred leadership within a unified evaluation system. As a result, organizations
often face three persistent tensions: metrics without trust lead to formalism; Al without
governance risks unfairness; and empathy without data may result in subjectivity.

Therefore, there is a clear need for a comprehensive approach to personnel evaluation
that conceptualizes it as a socio-technical system, where HR metrics, Al, and empathy-led
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leadership are aligned and mutually reinforcing. Addressing this gap constitutes the core
contribution of the present study.

Research Aim. The primary objective of this article is to develop and theoretically
justify an IPEM that synthesises the quantitative rigour of HR Metrics, the predictive and
diagnostic power of Al-driven People Analytics, and the relational and developmental
orientation of empathy-led leadership. Secondary objectives include: (1) providing a
systematic comparative analysis of traditional and modern evaluation approaches; (2)
identifying the mechanisms through which each IPEM component addresses specific
limitations of legacy systems; and (3) articulating the practical conditions and organisational
capabilities required for effective model implementation.

Presentation of the Main Material. Traditional performance evaluation systems, most
commonly operationalised through annual appraisals, graphic rating scales, and forced
distribution rankings, exhibit structural limitations that are increasingly problematised in
contemporary HRM research. While historically viable in relatively stable organisational
contexts, these systems demonstrate a growing misalignment with the complexity, dynamism,
and data-rich nature of modern work environments.

Scullen et al. (2000) demonstrated that performance ratings are influenced not only by
employees’ actual job performance but also by rater biases and measurement error; notably, a
substantial proportion of variance in ratings is explained by rater-specific effects rather than
“true” performance [14]. Subsequent research confirms that performance appraisal remains
vulnerable to systematic distortions, including leniency bias, and that such evaluations are often
shaped by social context and procedural factors. At the same time, more recent studies on
assessment center judgments suggest that behavioral signals may explain a meaningful share
of rating variance more effectively than bias-based models alone. Therefore, it is more
appropriate to conceptualise biases not as dominant, but as significant factors influencing rating
decisions.

Murphy and Cleveland (1995) argue that when evaluative and developmental functions
are combined within the same performance management procedure, employees tend to
interpret the process primarily as control-oriented, which reduces openness to feedback and
limits learning-oriented responses [15]. Building on this perspective, Parent-Rocheleau and
Parker (2022) demonstrate that traditional performance appraisal systems are often misaligned
with contemporary work arrangements, particularly in contexts characterised by short project
cycles, fluid roles, and continuous feedback [16]. In such environments, infrequent review
cycles fail to capture meaningful fluctuations in performance and reduce the timeliness and
developmental value of feedback.

HR metrics provide the quantitative scaffolding upon which systematic personnel
evaluation must be built. Contemporary frameworks distinguish between input metrics
(measuring resources and capabilities brought to a role), process metrics (capturing behavioural
quality and efficiency), and output metrics (assessing tangible results). An effective evaluation
system integrates all three categories rather than relying exclusively on output indicators, which
are often influenced by contextual and systemic factors beyond individual control.

Doerr (2018) conceptualises the OKR framework as a dynamic architecture for
performance evaluation that has gained increasing prominence in contemporary organisations
[17]. Unlike traditional KPI systems, OKRs combine aspirational goal setting with time-bound
and measurable key results, thereby enabling continuous tracking of progress and periodic
recalibration. Marler and Boudreau (2017) and van den Broek et al. (2021) argue that the
effectiveness of such systems depends not only on the formal design of metrics but also on
their integration into broader digital and organisational ecosystems [18, 2]. Kellogg et al.
(2020) and Pulakos et al. (2015) further demonstrate that, in digitally enabled performance
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management environments, real-time monitoring and adaptive goal alignment shift evaluation
away from static measurement toward continuous performance calibration [5, 19].

However, the effectiveness of HR metrics remains contingent upon several
prerequisites, including participatory goal-setting (Latham & Locke, 2007), rigorous data
quality governance, and sufficient analytical literacy among HR professionals and line
managers [20]. Bankins et al. (2022, 2024) and Chowdhury et al. (2023) suggest that, in the
absence of such conditions, metric systems are more likely to reinforce compliance-oriented
behaviours than to promote developmental learning [21-23]. This risk is particularly
pronounced when evaluation tools are perceived primarily as instruments of control rather than
as mechanisms for fair and meaningful feedback. More broadly, their work indicates that the
effectiveness of metrics depends not only on technical design but also on their embedding
within organisational cultures that support transparency, trust, and responsible decision-
making.

People analytics represents an important extension of the evidential basis for personnel
evaluation by enabling organisations to integrate multiple data sources into HR decision-
making processes. Rigamonti et al. (2024) suggest that the value of such systems depends not
only on their technical sophistication but also on the organisation’s ability to translate data into
coherent HR practices and decision routines [23]. Compared with traditional episodic appraisal
systems, mature analytics infrastructures support more continuous and data-informed
management processes. More broadly, van den Broek et al. (2021) indicate that the
effectiveness of Al-enabled HR processes is shaped by the interaction between algorithms,
human expertise, and organisational context [2].

Raghavan et al. (2020), Wachter et al. (2021), Bankins et al. (2022), and Madad et al.
(2024) emphasise that natural language processing (NLP) applications represent a particularly
significant extension of Al-enabled evaluation systems. NLP-based tools enable the analysis
of communication content, sentiment, and interaction patterns, thereby substantially enriching
the informational basis of performance assessment [3, 4, 24, 25]. However, their effectiveness
remains highly contingent upon data quality, representativeness, and careful contextual
interpretation. These studies further highlight that the explainability challenge is especially
acute in this domain. When algorithmic systems generate behavioural inferences, managers
require explanations that are both interpretable and actionable in order to translate these
insights into meaningful developmental interventions.

Moreover, the responsible deployment of Al in personnel evaluation necessitates a
multidimensional governance approach encompassing algorithmic fairness, transparency, and
employee trust. These dimensions are deeply interdependent: failures in bias mitigation
undermine perceived fairness and erode employee trust, while insufficient transparency
constrains interpretability and limits the practical usability of Al-generated insights. Taken
together, these considerations demonstrate that effective Al-enabled evaluation systems must
integrate technical robustness with relational legitimacy, a challenge directly addressed by the
IPEM Governance Layer.

The integration of Al and HR metrics into personnel evaluation creates a risk that is
rarely acknowledged in the technical literature: the potential displacement of human judgement
and relational quality in favour of algorithmic efficiency. Research on algorithmic management
documents consistent negative effects on employee autonomy, trust, and professional identity,
particularly where algorithmic oversight is pervasive (Duggan et al., 2020; Parent-Rocheleau
& Parker, 2022). Bankins et al. (2022) demonstrate that perceived algorithmic surveillance
significantly reduces psychological safety, the condition identified by Edmondson (1999) and
Frazier et al. (2017) as a key enabler of authentic performance and developmental learning [6,
16, 21].
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Empathy-led leadership provides a critical relational and developmental counterbalance
that prevents Al-augmented evaluation systems from reproducing, at greater scale and speed,
the dehumanising dynamics of earlier paradigms. Kniffin et al. (2021) demonstrate that
compassionate leadership moderates the relationship between workplace stressors and both
performance and well-being outcomes [26], indicating that empathy functions not only as a
relational mechanism but also as a strategic performance driver.

Well-being integration into performance evaluation represents a specific application of
the empathy-led approach with growing empirical support. De Neve et al. (2023) demonstrate
that employee well-being is a significant predictor of both individual and organisational
performance, providing a strong evidence base for incorporating well-being indicators into
evaluation frameworks [13]. Dewe and Cooper (2021) further show that conventional
evaluation systems are structurally incapable of addressing the well-being challenges of
contemporary knowledge work, as they are designed to measure output rather than sustainable
human capacity [27]. These findings provide the empirical foundation for the IPEM’s
incorporation of well-being monitoring as a core component of Layer 3.

Drawing on the preceding analysis and relevant theoretical frameworks, this section
proposes the IPEM as a conceptual framework designed to address the documented limitations
of traditional evaluation systems through the joint optimisation of three interdependent layers.

The model integrates HR metrics and goal architecture, Al-driven people analytics, and
empathy-led leadership and human dialogue. Together, these layers constitute a socio-technical
system in which quantitative measurement, algorithmic processing, and human-centered
interpretation are systematically aligned.

Table 1 presents the structural architecture of the model and outlines the functional
contribution of each layer to the overall evaluation process.

Layer 1 (HR-metrics and goal architecture) encompasses the quantitative data
systems through which employee performance is captured and represented. This layer
integrates HR metrics (KPIs, OKRs, productivity indicators) with continuous data streams
from People Analytics platforms, including communication analytics, learning system
engagement data, project management records, and 360-degree feedback aggregates. Its
primary function is to create a multi-dimensional, temporally granular representation of
employee contribution, consistent with the evidence-based HRM imperative for rigorous and
internally valid measurement [28]. Crucially, metrics in this layer are co-developed with
employees through participatory goal-setting processes [8], reducing the risk of Goodhartian
distortion and strengthening goal commitment.

Layer 2 (Al / People Analytics Engine) applies machine learning and NLP algorithms
to the data infrastructure generated by Layer 1, performing three analytical functions.
Descriptive analytics provide real-time performance dashboards summarising current
trajectories at individual and team levels. Predictive analytics identify leading indicators of
attrition risk, performance decline, and skill development needs, enabling proactive talent
management [1]. Prescriptive analytics generate contextualised development recommendations
and intervention triggers, translating analytical patterns into actionable HR guidance. The layer
is designed in accordance with human-centred Al principles, incorporating explainability,
contestability, and fairness auditing mechanisms. Explainability ensures that managers can
understand the basis of algorithmic recommendations, contestability enables employees to
challenge algorithmic conclusions, and fairness audits apply demographic parity testing and
bias detection to all model outputs [3].
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Table 1- Integrated Personnel Evaluation Model (IPEM): Structural Architecture and
Functional Logic

Model layer Components Function
LAYER 1 KPIs (input, process, output) Establishes the quantitative
OKRs measurement foundation;
HR-metrics Balanced Scorecard indicators translates multi-dimensional
and goal Engagement indices performance into governable
architecture 360° feedback aggregates data constructs;
Competency ratings provides the raw evidential

basis for Al-layer processing.

V¥ Bidirectional Feedback and Data Flow A

LAYER 2 Descriptive real-time dashboards Processes and enriches Layer 1
Predictive attrition and data;
Al / People performance models generates descriptive,
Analytics NLP sentiment analysis predictive, and prescriptive
Engine Skill-gap identification algorithms | insights;
Algorithmic fairness audits applies  bias-mitigation and
Prescriptive development explainability protocols;
recommendations surfaces non-obvious

performance  patterns  for
managerial action.

V¥ Bidirectional Feedback and Data Flow A

LAYER 3 Continuous micro-feedback Translates analytical insights

conversations into relational, developmental
Empathy-Led | Employee self-reflection against interactions; ensures evaluation
Leadership and | OKRs is experienced as growth-
Human Well-being & psychological oriented;

Dialogue safety monitoring maintains human-centred
Manager empathy accountability governance of Al-generated
Developmental planning outputs.
dialogues

Note: The governance layer is cross-cutting across all levels of the model and includes algorithmic fairness
audits, employee privacy protection, compliance with GDPR and the EU Al Act, as well as institutional
mechanisms such as privacy and ethics committees and equity monitoring systems.

Source: Developed by the author based on theoretical synthesis.

Layer 3 (Empathy-Led Leadership and Human Dialogue) constitutes the relational
and developmental dimension of the IPEM, operationalising empathy-led leadership through
three structured mechanisms: (1) continuous micro-feedback conversations, replacing annual
appraisal with frequent, low-stakes developmental dialogues grounded in Layer 2 analytical
insights; (2) structured employee self-reflection against OKRs and well-being indicators,
cultivating metacognitive awareness and developmental ownership; and (3) manager empathy
accountability, embedding empathy competencies within managerial evaluation criteria and
equipping managers with Al-generated well-being and engagement insights to inform coaching
conversations. This layer is empirically grounded in research on psychological safety [11; 12],
employee well-being [13], and compassionate leadership [26].
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The distinctive architectural feature of the IPEM is the bidirectional integration between
its three layers. Data flows upward from Layer 1 to Layer 2 and from Layer 2 to Layer 3;
simultaneously, insights generated through empathic dialogue feed back into metric selection
and goal-setting in Layer 1, while employee feedback on algorithmic outputs informs fairness
auditing and model refinement in Layer 2. This bidirectional feedback architecture
operationalises the STS joint optimisation principle: neither the technical nor the social
subsystem is treated as primary; each is continuously informed and improved through
interaction with the other. The cross-cutting Governance Layer ensures GDPR and EU Al Act
compliance, employee rights protections, algorithmic equity monitoring, and ethical oversight
throughout all three layers.

The IPEM's configurational logic, the principle that the effectiveness of each layer is
contingent upon its alignment with the others, represents its central theoretical contribution.
HR Metrics without Al analytics generate data that exceeds human processing capacity; Al
analytics without empathy-led leadership produce insights that cannot be translated into
developmental action; empathy-led leadership without data infrastructure produces
relationship quality that is not grounded in evidence-based performance understanding. Only
through their structured integration does the IPEM generate an evaluation system that is
simultaneously more objective, more predictive, and more human than any single-component
approach.

Table 2 provides a systematic comparison of traditional personnel evaluation
approaches and the modern integrated approach embodied in the IPEM across fourteen
evaluatively significant criteria.

Table 2 — Comparison of Traditional and Modern Integrated Evaluation Approaches

Criterion Traditional Approaches Modern Integrated Approach
(IPEM)

Evaluation Frequency Annual or semi-annual Continuous, real-time monitoring

Data Sources Supervisor ratings, self-reports Multi-source: Al analytics, 360°,
HR metrics

Objectivity Low; prone to rater bias Augmented by algorithmic fairness
mechanisms

Primary Focus Past performance review Future potential and development
trajectory

Employee Well-being Rarely considered Central: psychological safety,
empathy, balance

Feedback Type Evaluative, summative Developmental, continuous,
dialogic

Metrics Used Simple KPIs, rating scales OKRs, predictive analytics,
engagement indices

System Adaptability Static, standardised forms Dynamic, context-sensitive
frameworks

Manager Role Judge and evaluator Coach, mentor, empathy-led leader

Technology Integration | Minimal or absent Al, NLP, dashboards, People
Analytics

Bias Risk High (halo, recency, leniency) Reduced via algorithmic fairness
audits

Governance Absent or informal Formal: Privacy and Fairness
Committee, GDPR/EU Al Act

Developmental Value Limited; compliance-driven High; growth-oriented and strategic

Source: Compiled by the author based on review of relevant literature
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The comparative analysis demonstrates that modern integrated approaches differ from
traditional systems not incrementally but categorically, fundamentally reconceptualising the
evaluation function itself. The transformation in evaluation temporality reflects a shift from
static state measurement to dynamic trajectory-based assessment, with corresponding
improvements in developmental utility and the quality of strategic talent decisions. The
inclusion of an explicit governance criterion within the extended framework reflects a key
insight from recent research: the legitimacy and effectiveness of Al-augmented evaluation are
not solely technical properties, but relational and institutional ones, contingent upon
transparent governance structures perceived by employees as procedurally fair [4; 21].

The redefinition of the manager’s role—from evaluator to empathy-led coach—
deserves particular emphasis. Within traditional evaluation systems, the manager’s primary
function is to produce an accurate and defensible assessment of past performance. In contrast,
within the IPEM, the manager’s role shifts toward leveraging insights generated by the
measurement and analytics layers to facilitate development-oriented, empathy-driven
conversations. These interactions enable employees to interpret their performance trajectories,
identify growth opportunities, and experience evaluation as an investment in their long-term
potential, consistent with the cultural transformations observed in leading digital organisations.

Conclusions. This article advances a theoretically grounded and practically applicable
integrated framework for modern personnel evaluation, addressing a well-documented yet
insufficiently resolved gap in contemporary HRM literature. The findings generate conclusions
of relevance to both scholarly and practitioner audiences, structured around three interrelated
domains of contribution.

The IPEM advances HRM theory by offering a systematically integrated framework
that unites HR metrics, Al-driven people analytics, and empathy-led leadership within a
coherent socio-technical architecture grounded in evidence-based HRM and human-centred Al
principles. The model’s contribution lies not in the novelty of its individual components, each
of which has been extensively theorised, but in their structured integration and the explicit
resolution of three fundamental tensions that have fragmented performance management
research: (1) the tension between algorithmic objectivity and relational authenticity; (2) the
tension between continuous data capture and employee trust; and (3) the tension between
administrative control and developmental purpose. By addressing these tensions through a
bidirectional and mutually reinforcing system of measurement, analytics, and human dialogue,
the IPEM provides a novel explanatory lens for understanding why isolated investments in
metrics, Al technologies, or leadership development frequently fail to deliver anticipated
improvements in evaluation quality. In doing so, the model contributes to the broader
development of socio-technical theorising in Al-augmented organisational contexts, extending
current conceptualisations of performance management toward more integrative and system-
level explanations.

The article demonstrates the analytical value of integrative conceptual modelling as a
rigorous methodological approach for synthesising fragmented research streams in emerging
interdisciplinary domains. By combining integrative review logic with theory-building through
conceptual modelling, the study develops a structured and internally consistent framework that
generates clear, empirically testable propositions. This approach contributes to advancing
methodological practices in HRM research by illustrating how conceptual integration can move
beyond descriptive synthesis toward explanatory theory development.

The proposed model opens avenues for future empirical research, particularly
longitudinal and multi-level studies examining the independent and joint effects of HR metrics
maturity, Al analytics capability, and empathy-led leadership on evaluation quality, employee
outcomes, and organisational performance across diverse institutional contexts.
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For HR practitioners and organisational leaders, the IPEM offers a structured and
actionable implementation pathway grounded in the best available scholarly evidence and
informed by analytically interpreted organisational practices. The findings identify managerial
capability development as the critical bottleneck in successful implementation, with direct
implications for organisational investment priorities. More broadly, the article demonstrates
that effective personnel evaluation systems in the digital economy must be simultaneously
more data-driven and more human-centred. Systems that fail to integrate these dimensions risk
either technical optimisation without legitimacy or relational engagement without analytical
rigour. The IPEM addresses this dual imperative by embedding fairness, transparency, and
employee well-being into the core architecture of evaluation, thereby redefining evaluation not
merely as a mechanism of control, but as a strategic and developmental organisational
capability.
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